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A  ES1E ACT 


The  purpose  cf  this  study  is  to  present  analytic  techni¬ 
ques  fcr  developing  enlistment  standards  models  which 
attempt  tc  improve  upon  existing  methods.  Alternative 
criteria  fcr  measuring  successful  operational  performance, 
and  a  means  cf  measuring  utility  are  also  provided.  Another 
purpose  cf  this  study  is  to  discover  if  the  Navy’s  system  of 
selecting  personnel  fcr  the  Aviation  Machinist's  Mate  (AD) 
rating  may  he  improved. 

Two  criteria  were  utili2ed  in  developing  these  models — 
length  cf  service,  ard  a  composite  measure  of  success  that 
considers  length  of  service,  highest  paygrade  achieved,  and 
reen lis tmen t  eligibility.  Measures  on  individual's  at  the 
time  cf  enlistment  are  used  as  predictor  and  discriminating 
variables.  Six  models  are  developed  and  analyzed  using 
regression  and  discriminant  technigues.  Utility  analysis  is 
conducted  on  each  of  these  models  as  a  means  for  measuring 
their  usefulness  in  monetary  terms.  Recommendations  for 
future  research  are  also  presented. 
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I.  INI ECEOCTION 


Pci  the  remainder  of  this  decade  and  neyond,  the  Navy  is 
faced  with  the  difficult  problem  of  attracting  and  retaining 
sufficient  personnel  to  meet  its  ever  increasing  manpower 
requirements.  The  fleet  is  expanding  toward  600  ships  while 
the  availatle  manpower  pool  of  17  to  21  year  old  men  and 
women  is  projected  tc  decline.  Each  year,  millions  of 
dollars  are  spent  recruiting,  training  and  maintaining 
enlisted  personnel.  Numerous  enlistment  standards  models 
have  leer  developed  tc  improve  the  screening,  selection  and 
assignment  processes  for  all  Navy  ratings.  Continuing 
enlistment  standards  research  is  important  since  it  may 
improve  manpower  planning,  reduce  attrition,  enhance  gob 
performance,  and  lengthen  careers.  It  is  through  such 
research  that  the  ultimate  goal  of  increased  readiness  at 
lower  cost  may  be  realized. 

A.  £D£fC 51  OF  ANALYSIS 

This  study  attempts  firstly  to  improve  upon  the  methcd- 
clogy  presently  utilixed  to  develop  enlistment  standards 
models.  In  particular,  different  techniques  for  developing 
such  models  are  presented,  along  witn  alternative  criteria 
for  measuring  successful  performance.  A  means  of  measuring 
the  utility,  or  usefulness,  of  such  efforts  is  also 
provided.  An  attempt  has  been  made  to  present  these  methods 
in  a  clear  manner  sc  that  these  researchers  who  fcllcw  may 
more  readily  understard  the  process.  The  analysis  expands 
upon  the  experience  cf  numerous  similar  efforts,  including 
several  graduate  theses  prepared  at  the  Naval  Postgraduate 
School  and  many  research  projects  conducted  under  the 


auspices  cf  the  Navy  Personnel  Eesearch  and  Develop lent 
Center  (NEE EC)  and  the  Center  for  Naval  Analyses  (CNA)  . 

lie  secondary  purpose  cf  tnis  study  is  to  discover  if 
the  selection  standards  for  one  particular  Navy  rating  ray 
te  improved  upon  by  analyzing  data  available  at  the  time  of 
enlistment.  dost  predictive  models  developed  to  date  nave 
focused  on  successful  completion  of  technical  training 
schools,  cr  on  attrition.  This  study  is  aligned  with  a  acre 
recert  analytic  trend  of  attempting  to  predict  successful 
at icral  performance  in  the  xleet.  This  approach  is 
considered  most  appropriate  in  today's  highly  technical 
Navy.  The  tremendous  cost,  in  terms  of  noth  dollars  and 
time,  associated  with  training  and  retaining  Navy  personnel 
demands  maximum  return  on  investment.  3y  focusing  cn  opera¬ 
tional  success  tc  develop  a  larger,  more  experienced  career 
force,  there  exists  the  potential  to  reduce  the  burden  cf 
recruiting  and  training  new  enlistees. 

E.  EATING  5 ELECTEE  ECB  ANAIXSJS 


Tc  accomplish  the  amove  stated  purposes,  data  pertaining 
to  operational  performance  of  personnel  in  the  Aviation 
Machinist's  Mate  (AE)  ratirg  were  analyzed.  AEs  are 
aircraft  engine  mechar  ics  who  inspect,  adjust,  test,  repair 
and  overhaul  engines  used  in  all  Navy  airplanes  and  helicop¬ 
ters.  AEs  also  perform  routine  maintenance,  prepare 
aircraft  for  flight,  and  assist  in  handling  aircraft  cr  the 


ground  cr  aboard  ships.  They  perform  maintenance  and 
servicirg  cn  either  get  or  reciprocating  engines,  ard  on 
subsystems  such  as  fuel,  oil,  induction,  compression, 
ccmfcusticn,  turbine  ard  exhaust.  Other  AD  functicrs  include 
supervising  maintenance,  analyzing  fuel  and  oil  samples, 
keeping  records,  evaluating  engine  performance,  and  main¬ 
taining  accessory  components,  drive  systems  and  gear  foxes. 


Asiaticr  Machinist’s  Mates  are  assigned  primarily  to 
Naval  Aviation  sguadrons  cr  to  Aircraft  Intermediate 
tainterance  Departments.  These  assignments  may  le  either 
afloat  cr  ashore.  AEs  may  also  be  assigned  as  instructors 
in  training  activities,  and  they  are  eligible  to  vclurteer 
for  flight  duty  as  aircrewmen.  £ Eef .  1] 

Presently,  there  are  over  13,000  men  and  women  assigned 
to  the  AE  rating.  Since  ADs  are  assigned  to  virtually  every 
Navy  aviation  unit,  they  represent  a  vital  element  in 
ensuring  a  high  degree  of  aircraft  readiness  rs  maintained. 
As  such,  the  overall  mission  effectiveness  of  Naval  Aviation 
units  is  directly  linked  tc  the  guality  and  performance  of 
members  cf  the  AE  rating. 

C.  CBGANI2ATION  OF  THIS  STUD* 

This  chapter  has  discussed  the  purpose  cf  this  study, 
and  described  the  AD  rating  and  its  importance  to  the  Navy. 
The  next  chapter  will  provide  background  information  on 
enlistment  standards  research,  and  present  in  general  terms 
the  evolution  cr  predictor  and  criterion  variables  that 
emerged  during  the  development  of  the  models  contained  in 
this  research.  Chapter  III  describes  the  data  case  and  AD 
data  set  that  provided  specific  measures  cf  operational 
performance  for  analysis  and  model  formulation.  Chapter  IV 
presents  the  three  statistical  analysis  tecnnigues  employed 
in  developing  six  enlistment  standards  models.  Chapter  V 
provides  the  method  and  results  £  the  utility  analysis 
conducted  on  these  models.  Utility  analysis  represents  a 
means  ty  which  the  usefulness  of  similar  efforts  may  be 
measured.  Chapter  VI  draws  conclusions  from  the  analysis 
and  presents  recommendations  for  further  research. 


II.  SELECT IC N  OF  ? AHIAEIES 

This  chapter  gives  a  brief  description  or  sore  of  the 
selection  procedures  in  use  at  the  time  of  the  data  collec¬ 
tion.  The  results  cf  previous  research  on  predicting  gob 
performance  are  reviewed  and  predictor  and  criterion  vari¬ 
ables  that  have  teen  shown  to  te  useful  are  identified. 

A.  SELECTION  BACK GEC CUD 

At  the  time  the  data  used  in  this  analysis  was 
collected/  the  Navy  considered  a  number  of  applicant  charac¬ 
teristics  tc  guide  selection  and  classif ication  decisions. 
These  characteristics  included  education,  high  schocl  degree 
status,  age,  number  of  dependents,  scores  on  the  12  Armed 
Services  Vocational  Aptitude  Eattery  (ASVAB)  subtests,  and 
some  composite  scores.  The  Armed  Forces  Qualification  Test 
(AFQI)  is  cr.e  of  these  composite  scores,  and  an  applicant's 
score  on  the  AFQT  depended  on  the  sum  of  his  scores  on  the 
iSVAE  suhtests  Arithmetic  Reasoning  (AR) ,  Spatial  Perception 
(SP)  ,  and  Word  Knowledge  (WK).  The  AFQT  score  was  reported 
as  a  percentile — a  score  cf  60  meant  that  an  applicant's 
total  score  on  the  three  suhtests  was  higher  than  the  scores 
achieved  ty  79  percent  of  his  peers.  The  AFQT  percentile 
score  was  also  used  tc  classify  the  applicant  into  one  of 
five  mental  categories  or  AFQT  groups.  For  example,  these 
with  a  score  of  SO  or  better  were  classified  in  mental  group 
I,  ard  those  with  a  score  cf  10  or  less  were  classified  as 
group  Vs. 

Acctter  composite  score  is  the  Success  Chances  of 
Recruits  Entering  the  Navy  (SCREEN)  score.  This  score  is 
derived  from  the  personal  characteristics  of  age  at  entry. 


years  of  schooling,  whetner  cr  not  the  applicant  had  depen¬ 
dents,  aEd  AFQT  percentile  sccre.  This  composite  score  has 
teen  used  by  recruiters  since  Cctober  1S76  in  determining  an 
applicant's  eligibility  to  enlist.  £fie£.  2] 

A  final  composite  score  that  is  used  in  classifying 
recruits  to  the  AD  rating  is  made  up  of  the  sum  cf  the 
recruit's  standardized  scores  on  the  ASVAB  suttests 
Arithmetic  Reasoning  (AR)  ,  Electronic  Information  (El), 
General  Science  (GS) ,  and  Mathematical  Knowledge  (MK) .  A 
minimum  sccre  of  19C  on  this  composite  was  necessary  for  a 
recruit  to  enter  the  A£  rating. 


E.  REVIEW  CF  J?  REV  IOE£  Mill  I  AR  I  STUDIES 

Studies  on  predicting  military  job  performance  have 
mainly  ccncentrated  cr  the  survivability  of  recruits  through 
various  stages  cf  their  military  careers.  These  stages 
include  recruit  training.  Class  "A"  School,  first  two  years 
cf  enlistment  and  first  term  of  enlistment. 

Lurie  used  number  of  dependents,  years  of  education  and 
AFQT  sccre  to  predict  the  performance  of  the  Electrcric's 
Technician  (ETN)  and  Ship's  Serviceman  (SH)  ratings.  He 
found  that  for  the  SE  rating,  non-hign  school  graduates  with 
lower  AFQT  scores  were  promoted  faster  than  these  with 
higher  sccres,  although  AFQT  score  had  no  impact  on  first 
term  survival.  The  AFQT  score  did  aid  in  predicting 
advancement  and  survival  for  members  of  the  ETN  rating. 
[Ref.  3]  In  another  study  of  eight  year  survival  rates, 
Lurie  found  that  education  level  was  the  most  important 
predictor.  Interestingly  he  also  found  that  mental  group  I 
recruits  had  the  worst  record  in  surviving  Class  "A"  School. 
[Ref.  h] 

A  study  on  the  factors  affecting  first  term  survival  and 
retention  behavior  cf  Machinist's  Mates  (MM)  and  Eciler 


lechn icians  (3T)  was  conducted  by  Fletcher  in  1975.  He 
found  that  ETs  with  create:  than  11  years  of  education  had 
greatly  improved  charces  of  surviving  their  first  term  of 
enlistment.  For  AMs,  those  in  the  lowest  and  highest  mental 
groups  had  greater  survival  probability  than  others.  Tor 
both  ratings,  older  men  had  a  higher  probability  of 
survival.  in  relation  to  reenlistment,  those  Bis  with  12  or 
more  years  cf  education  had  a  lew  probability  of  reenlist¬ 
ment,  while  with  MM  s ,  having  a  dependent  increased  the  prob¬ 
ability  cf  reen lis tmert.  £  fief .  5] 

Studies  of  military  jot  performance  have  also  investi¬ 
gated  the  effect  of  the  Delayed  Entry  Program  (DIP)  on 
survival.  Lockman  found  that  if  recruit  quality  (as  meas¬ 
ured  ty  SCEEEN)  and  training  guarantees  were  controlled  for, 
those  who  were  in  tie  LEP  for  three  or  more  months  hac  the 
highest  survival  rates  £Bef.  6 j.  Thomason  found  that  DEP, 
age,  education,  recruit  training  location,  race,  number  of 
dependents,  mental  group  and  follow  on  tour  assignments  had 
varying  degrees  of  significance  in  determining  first  term 
survi vatility  £Bef.  7£. 

Core  recent  studies  have  favored  the  use  of  multiple, 
rather  than  single  measures  cf  job  performance.  This  is 
because  it  is  rare  that  a  single  measure  adequately  covers 
the  full  scope  cf  job  performance.  One  approach  has  been  to 
expand  the  survivability  criteria  to  include  other  measures 
cf  jet  performance,  such  as  eligibility  to  reenlist  and  the 
achievement  of  certain  paygrades.  A  continuous  criterion  is 
not  available  under  this  approach;  sailors  are  either 
categcri2ed  as  a  success  or  as  a  failure.  Nesbitt  £fief.  8] 
and  Iryder  and  3erga2zi  £fief.  9]  defined  various  degrees  of 
success  cr  failure  in  their  studies  in  an  effort  to  generate 
more  variability  on  the  criterion. 


C.  CB1TIEICN  AN  £  PBIIICTOB  VAEIABLES 
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III.  DATA  EASE  DEVELOPMENT 


This  chapter  provides  information  concerning  the  master 
cata  tase  and  the  schset  of  this  master  file,  the  AC  data 
set,  that  was  used  in  this  study.  The  generation  cf  this  AD 
data  set  is  descrited  in  detail,  as  are  the  specific 
predictor  and  criterion  variables  discussed  in  the  previous 
chapter . 

A.  MASlffi  TIL  E 

Erlisted  history  records  cn  over  206,000  ncn-prior 
service  sailors  who  entered  the  Navy  during  the  period  1 
September  1976  to  21  December  1978  were  compiled  by  the 
Defense  Manpower  Data  Center  (DMDC)  staff.  This  master  file 
was  created  by  merging  data  elements  frcm  four  separate 
files:  (1)  the  DMDC  Cohort  file,  which  is  itself  a  compila¬ 
tion  cf  information  from  DMDC's  Enlisted  Master  Eeccrc  and 
loss  files;  (2)  a  Navy  Health  Research  Center  (NHRC)  file; 
(3)  a  promotion  examiration  file;  and  (4)  a  Chief  cf  Naval 
Educaticr  and  Training  (CNET)  file. 

The  DMDC  Cohort  file  contains  personal  and  demographic 
data  cr  individuals  at  the  time  they  entered  the  service. 
Additionally,  it  is  updated  guarterly  by  the  Military 
Personnel  Commands  with  active  duty  or  service  separation 
information  as  appropriate.  This  file  provided  ever  150 
variables  tc  the  master  file. 

The  NaFC  file  contains  information  on  each  enlisted 
member  of  the  Navy  who  has  teen  or  still  is  cn  active  duty. 
It  is  updated  guarterly  from  Navy  Military  Personnel  Command 
(NMPC)  change  tape  extracts,  and  follows  a  service  memter 
from  date  cf  enlistment  to  date  of  discharge.  Tae  NEfiC  file 
represents  approximately  30  variables  in  the  master  file. 
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The  promotion  exai inati cn  file  includes  advancement  exam 
and  prcmcticn  data,  and  the  CNE1  file  contains  information 
cn  formal  training  received  by  individuals  in  the  data  base. 
Together  these  files  provided  over  60  variables  to  the 
master  data  base. 

The  master  file,  containing  243  variables,  is  maintained 
at  the  Naval  Postgraduate  School.  The. final  update  tc  the 
file  includes  DMEC  data  current  as  of  30  September  1562,  and 
NHRC  data  current  as  of  July  1982.  The  program  tc  access 
data  cn  the  selected  rating  is  contained  in  Appendix  A. 

£.  A£  TATA  SET 

This  section  describes  the  evolution  of  the  AD  data  set 
that  contains  the  observations  and  measures  analyzed  in  this 
study.  The  AD  data  set  was  derived  through  a  number  of 
iterative  screens,  ard  new  variables  were  created,  in  order 
to  remove  aberrant  observations  and  to  refine  the  predictor 
and  criterion  variables  pricr  to  statistical  analysis.  These 
iterative  steps  ultimately  reduced  the  number  of  cases  in 
the  AD  data  set  from  5,562  to  2,820  obser vat  ions .  The 
programs  used  to  screen  the  data  and  to  create  new  predictor 
and  criterion  variables  are  ccrtained  in  Appendix  A.  The 
logic  for  these  processes  is  discussed  in  the  remainder  of 
this  chapter. 

1 .  Screens 

Since  one  purpose  of  this  study  was  tc  analyze 
Aviation  Machinist's  Mates  whc  had  operational  experience  in 
the  fleet,  the  first  screen  performed  on  the  data  was  to 
select  crly  these  cases  whose  final  DMDC  rate  (DMICEATI) 1 
appeared  in  the  last  master  file  update  as  ADs.  This  means 

flbe  actual  variable  name  associated  with  t ns  comment  is 
provioed  in  parentheses  threugnout  the  remainder  cf  this 
chapter. 


they  were  working  ir  the  AD  rating  at  either  the  tine  or 
their  separation  frcm  the  service,  or  at  the  time  c i  the 
last  file  update  if  they  were  still  on  active  duty.  1  his 
screen  allowed  for  people  to  migrate  into  the  AD  rating 
while  ensuring  that  those  cases  who  left  for  another  rating 
were  excluded  from  the  analysis. 

The  cases  were  next  screened  for  ADs  with  r.c  prior 
Navy  service  (PRIORSEV)  .  In  addition,  individuals  whc  ray 
have  charged  their  social  security  number  (SSNCHNGEj  were 
removed  from  the  saaple.  These  screens  ensured  that  no 
cbservaticns  were  counted  mere  than  once  in  the  analysis. 

The  observations  in  the  AD  data  were  then  screened 
to  select  cnly  those  people  who  were  tested  on  ASVAE  forms 
5,  6,  cr  7  (TESTFORM)  at  enlistment.  These  test  forms  were 
in  use  during  the  period  in  which  the  individuals  ir  tne 
data  set  enlisted.  Also,  these  cases  whose  subtest  scores 
(ASVAEs)  were  impossibly  high  were  eliminated  from  the  data 
set . 

Twc  other  screens  were  conducted  to  capture  those 
observations  whc  enlisted  in  either  the  Regular  Navy  or 
Naval  Reserve  (SERVACCS)  ,  and  who  were  known  to  have  signed 
up  fer  at  least  four  years  active  service  (RECEN1ST) .  It  is 
worth  rcting  that  during  acdel  development,  the  term  of 
enlistment  measure  (TFRHENLT)  was  consistently  significant, 
tut  with  a  negative  value  for  the  parameter  estimate.  This 
indicated  that  those  individuals  who  enlisted  for  longer 
obligated  service  actually  served  less  time  than  these  who 
signed  up  for  shorter  terms  of  enlistment.  The  parameter 
estimate  for  term  of  enlistment  changed  to  a  positive  value 
when  the  RECEN1ST  screen  was  implemented.  Apparently,  by 
screening  fer  four  year  active  duty  obligors,  the  data  set 
then  excluded  those  reservists  who  were  required  to  serve 
cnly  three  years  of  their  six  year  obligation  on  active 
duty.  For  these  observations,  a  six  year  term  of  enlistment 
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lias  an  erroneous  value  ior  the  IERM2NLT  variable.  Ihis 
important  discovery  reveals  a  probable  flaw  in  earlier 
1  •  similar  enlistmert  standards  analytic  efforts.  1 

Another  screen  r^cilatated  inclusion  of  those  cases 
for  which  there  was  clear  indication  of  their  eligibility  to 
reenlist  (f LG RE  OP  1  cr  ELGRE0P3) .  Xhe  final  screen  in 
I  setting  up  the  AD  data  set  included  only  those  separated  I 

individuals  who  could  be  easily  identified  by  "cccd"  cr 
"bad"  irterservice  separation  codes  (ISC) .  Observations 
with  separation  codes  in  the  "grey"  area  (death,  hardship 

I  discharge,  entry  intc  officer  programs,  or  medical  disguali-  I 

ficaticn)  were  removed  from  the  data  set  since  it  was  felt  a 
legitimate  determination  of  their  success  or  failure  could 
rot  be  made. 

•  Having  incorporated  these  screens,  freguency  distri-  | 

huticr  analysis  facilitated  the  removal  of  aberrant  or 
impossible  cases.  I or  example,  the  maximum  length  of 
service  between  1  September  1S76  and  30  September  1982,  the 
|  period  of  the  data  hase,  was  72  months.  Cases  who  were  I 

listed  as  having  greater  than  72  months  LOS  were  removed 
from  the  data  set. 

2 .  Created  Variables 

I  I 

Ihis  discussion  identifies  the  variables  created  in 
addition  to  those  already  in  the  master  data  base.  Creating 
these  variables  facilitated  more  detailed  analysis  of  obser¬ 
vations  in  the  AD  data  set,  and  enhanced  the  enlistment 
standards  model  development  process.  The  following  comments 
will  also  address  the  reasons  for  selecting  some  variables 
and  net  ethers. 

a.  Predictor  Variables 


There  were  several  ways  that  individuals  ir  the 
master  data  base  might  appear  in  tne  AD  rating  during  their 


career.  They  nay  have  enlisted  in  a  program  to  beccne  an 
AD,  taken  the  AD  rating  exam,  and/or  achieved  the  AL  rating 
through  cc  the  job  training.  To  distinguish  between  the 
varices  combinations  of  these  processes,  an  entry  group 
variable  (ENTEYGEP)  has  created.  Freguency  analysis  cf  this 
new  variable  confirmed  that  the  final  DMDC  rate  cf  AD 
screened  and  selected  only  those  cases  who  actually  ended  up 
as  ACs.  An  effort  has  made  to  develop  models  for  various 
combinations  of  these  entry  groups  during  stepwise  regres¬ 
sion  analysis.  However,  the  derived  models  were  not  signif¬ 
icant,  and  they  did  not  improve  upon  the  models  ultimately 
selected  fer  analysis. 

A  common  predictor  variable  in  enlistment  stan¬ 
dards  acdels  is  cne  dealing  with  education.  The  measure  in 
the  master  data  base  reflecting  education  level  (HYEC)  was 
converted  frem  a  gualitative  value  to  a  continuous  variable 
(CHYEC)  to  facilitate  statistical  analysis.  In  addition,  a 
dichctcmcus  (0,1)  variable  was  created  to  reflect  attainment 
cf  a  high  school  degree  (H  SDG ) .  During  stepwise  analysis, 
which  is  discussed  in  the  next  chapter,  each  of  these  two 
new  variables  was  offered  separately  as  a  candidate 
predictor  variable.  In  nearly  every  instance,  HSEG  was 
shown  tc  be  more  significant  than  CHYEC. 

Other  common  predictor  variables  which  measure 
entry-level  attributes  are  ASVA3  subtest  scores.  To  allcw 
the  use  cf  these  measures  of  individual  characteristics,  the 
scores  were  standardized,  and  the  created  variables 
(SASVAEs)  were  considered  during  model  development.  As 
mentioned  in  Chapter  31,  standardized  ASVAB  subtest  scores 
are  used  in  various  combinations  as  composite  measures.  Cne 
cf  these  composite  variables  is  AFQT  percentile  (AFCTFCNI) , 
which  alsc  yields  AFC1  groups  (AF^TGBPS).  Another  composite 
is  the  score  used  to  determine  eligibility  fer  the  AD 
ratine.  Two  variables  were  created  in  the  AD  data  set  to 
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identify  this  latter  composite  measure.  The  first  variable 
created  (AECOMPOS)  was  a  continuous  variable  which  had  a 
value  ecual  to  the  sum  of  the  four  ASVAE  standardized 
subtest  scores  that  make  up  the  composite.  'I he  second  vari¬ 
able  created  (ADMINECE)  was  a  dichotomous  variable  which 
distinguished  those  AECOMPOS  values  greater  than  or  egual  to 
190  from  these  AECOMfCS  values  less  than  190.  Each  time  one 
of  these  four  composite  measures  was  offered  as  a  candidate 
predictor  variable  during  regression  model  development, 
three  separate  trials  were  run.  One  trial  contained  the 
composite  measure  and  all  12  SASVAB  variables.  Another 
trial  contained  the  composite  variable  and  only  tacse  SASVAB 
variables  that  did  net  make  up  the  composite  variable.  The 
third  trial  contained  only  the  composite  measure  with  no 
SASVAE  variables.  Additionally,  the  trials  contained  either 
AFQ1PCKT  or  AFQTGBPS,  and  either  ADCOMPCS  or  ADdlwSCE.  Ihe 
purpose  of  this  iterative  process  was  to  ensure  multicclli- 
nearity  effects  were  minimized  among  the  independent  vari¬ 
ables.  Curing  the  development  of  the  regression  models, 
AFQ1PCNT  and  AEMINSCE  were  consistently  shown  tc  he  mere 
Significant  than  AF£1GRPS  and  ADCOMPOS  respectively.  For 
this  reason,  they  were  included  among  the  final  candidate 
predictor  variables  csed  in  stepwise  regression  analysis. 

Another  predictor  variable  commonly  considered 
hy  enlistment  standards  research  deals  with  marital  status 
and  dependents.  The  master  file  contains  a  gualitative 
variable  (BETLDPND)  which  reflects  marital  status  and  number 
of  dependents.  This  study  created  a  dichotomous  variable 
(DEPFKC1S)  which  distinguishes  single  individuals  from  tacse 
who  are  married  and/cr  who  have  children.  Again  an  itera¬ 
tive  process  revealed  this  created  variable  to  consistently 
be  mere  significant. 

The  effects  of  race  and  sex  were  also  considered 
in  tie  analysis  hy  creating  new  variables.  The  best 


variatle  in  the  master  file  to  indicate  race  and  ethnic 
status  identified  categories  cf  unites,  blacks  and  ctners 
(RACE).  Since  this  variable  was  qualitative,  three  dummy 
variables  were  created  (WHITE,  BLACK,  and  OTHEfi) .  Ic  allow 
analysis  of  the  effects  of  sex,  the  master  file  variatle 
(SEX)  was  converted  tc  a  "0  , 1 "  variable  (NUSEX)  . 

Several  ether  predictor  variables  were  consid¬ 
ered  and  tested  for  significance  and  possible  inclusion  in 
the  final  set  cf  candidate  predictor  variables  pricr  to 
developing  the  regression  models.  Age  at  enlistment 
(ENTEiAGE),  enlistment  paygrade  (ENTHPAXG)  and  term  of 
enlistmert  (TEEMENLT)  were  among  those  selected.  dany  vari¬ 
ables  were  rejected  because  ether  measures  were  tetter  able 
to  capture  the  desired  effects.  One  particular  variatle 
which  did  not  show  to  be  significant  was  the  composite 
SCHEEti  variable  (SCfiEEN)  discussed  in  Chapter  II.  Inis  nay 
be  because  the  components  cf  the  SCfiEEN  variable  are  indi¬ 
vidually  mere  appropriate  for  analysis,  particularly  when 
the  emphasis  is  cn  predicting  operational  performance  in  the 
fleet.  Similar  results  were  cited  by  ilcGarvey  [fief.  10*. 

Ihe  final  set  of  predictor  variables  created  in 
the  AE  data  set  are  interaction  terms.  These  variables 
represent  all  twc-level  interactions  of  the  seven  variables 
that  net  the  specified  significance  level  during  stepwise 
regression  analysis.  The  development  cf  these  variables  is 
discussed  in  more  detail  in  Chapter  IV. 

t.  Criterion  Variables 

As  discussed  in  Chapter  II,  this  study  used  two 
criterion  variables  when  developing  the  six  models — length 
cf  service  measures  and  success  measures.  Tne  length  of 
service  measure  for  regression  models  is  a  continuous  vari¬ 
able  (TAINS  1) ,  and  for  discriminant  models  is  a  dichotomous 
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variable  (SUCCTAf).2  SUCCTAE  was  assigned  a  value  cf  'one' 
if  the  value  ox  lAftSI  was  greater  than  or  egual  tc  43 
months,  cr  if  the  value  of  TAf  MS  1  was  greater  tnan  cr  e^ual 
to  45  months  and  the  individual  entered  the  Navy  in  Cctcher, 
Kovember  cr  December  1S78  (LATEENLT) .  Inis  was  dene  to 
ensure  those  cases  who  did  not  have  the  op  por  t an  it  y  tc  serve 
48  merths  were  net  improperly  classified  as  failures. 

Individuals  were  considered  as  successes,  for 
purposes  of  this  aralysis,  if  they  served  43  merths  cr 
longer,  achieved  paygrade  E-4,  and  were  recommerded  for 
reenl is tmen t.  Again,  observations  who  did  not  have  the 
opportunity  to  serve  48  menths  were  also  considered 
successful  on  the  ICS  portion  of  this  criterion  if  they 
served  at  least  45  merths.  Ihe  success  criterion  variable 
(SUCCESS!)  captures  these  measures  by  considering  SUCC1AF 
and  twe  ether  created  variables  (SUCCPAYG  and  SUCCBEUP)  . 

SUCCPAYG  identifies  those  cases  who  achieved  £-4 
as  measured  by  two  created  variables  (PAYGEADE  and  NUHYSAY). 
PAYGFAEE  was  created  from  cne  of  two  DMDC  variables 
(PAYGEEE1  cr  PAY  GB  DEE)  that  measure  an  individual's  paygrade 
at  the  last  file  update  or  upen  discharge  from  the  service, 
as  appropriate.  NUEYPAY  was  created  by  converting  an  NEEC 
variable  (HYPAYGED)  from  a  categorical  to  a  numeric  vari¬ 
able.  Using  both  DMEC  and  KHBC  measures  of  paygrade  ensured 
correct  classif icaticn  of  an  individual  on  this  pertien  cf 
the  criterion. 

SUCCBEUP,  the  eligibility  to  reenlist  pertien  cf 
tne  success  criterion,  was  derived  from  the  DMDC  variable 
(ZLGBEUE1)  that  captured  the  reeniistment  code  assigned  upon 
an  individual's  discharge  frem  the  service.  Service  members 
cn  active  duty  as  cf  the  last  master  file  update  were 
considered  eligible  tc  reenlist,  as  long  as  there  has  no 


2Iiscriainant  analysis  requires  the  use  of  categorical 
:  continuous  variables  as  c Iassif ica t io n  vananles. 


IV.  STATISTICAL  ANALYSIS 


Three  distinct  statistical  methods  were  employed  in  this 
research:  Descriptive  Analysis,  Regression  Analysis  and 
Discriminant  Analysis.  All  methods  used  Statistical 
Analysis  System  (SA£)  procedures  to  analyze  the  data  and 
develop  the  models.  Table  I  contains  a  list  cf  the  46 
candidate  predictor/discri minating  variables  used  in  this 
study.  In  all,  sir  sets  of  variables  emerged,  and  each  set 
was  analyzed  using  both  regression  and  discriminaEt  techni¬ 
ques  fcr  comparison.  These  srx  sets  of  predictor/ 
discriminating  variables  are  shown  in  Table  II,  along  with 
the  appropriate  criterion/classification  variable.  Each 
metncd,  along  with  the  results,  are  discussed  in  the 
following  sections  cf  this  chapter.  It  is  worth  noting 
that,  while  the  results  may  net  represent  a  marked  improve¬ 
ment  ever  the  selection  process  in  use  when  individuals  in 
the  data  set  enlisted,  the  methodology  presented  may  be 
applied  to  further  analysis  of  the  AD  rating  or  to  any  ether 
rating  in  the  Navy. 


A.  E iSCEIf TIVE  ANALYSIS 

Descriptive  analysis  was  accomplished  through  review  of 
frequency  distributions,  summary  statistics  and  multivariate 
corr  elatiens. 


1 .  frequency  Analysis 

frequency  distributions  are  summary  tables  in  which 
data  are  grouped  or  arranged  into  conveniently  established 
numerically  ordered  classes  or  categories.  The  process  of 
data  analysis  is,  therefore,  made  much  more  mauageable  and 


TABU  I 

Candidate  Pre cictor/Discriminating  Variables 


Variat le 


label 


Af £1£C NT 
if  QTGRPS 
ENTRYAGE 
E  N 1RPA  1G 
TERMENLT 
ESEG 

DEPEN  D IS 

CHYIC 

£AS  VAEGI 

£ AS  VAE  NO 

£  AS  VA  E  AD 

SASVAEWK 

£ AS VAB  AR 

£1£SAE£P 

£AS VAEMK 

SASVAEEI 

SASVAEMC 

SASVAEGS 

£  A  S  V  A  E  £1 

BAS VAE  AI 

EIACK 

CTEEE 

K  U  £  E  X 

AECCMPCS 

ADMINSCE 

IN1EE0  1 

1NTEE02 

JN1EEC3 

1NTERC4 

INTER05 

1N1ERC6 

INTERC7 

IN1EE06 

INTEfiCS 

INTER1C 

INTER  1  1 

INTEE12 

INTER  13 

3  NT  EE  1  4 

INTEE15 

3N1IE16 

INIER17 

INTER18 

INTEE1S 

INTER2C 

JNTEH2  1 


AFQ1  P  EEC  ENT  HE  {OR  EQUIVALENT) 

AECT  C-FCUPS  (5,4C,43,4A,33,  3A,!2,1} 

AG*  OE  INDIVIDUAL  AT  TIME  OE  FNTRY 
ENTRY  PAYGBADE  (EO  —  01  1) 

T  EE  M  CE  ENLISTMENT  fNO.  OF  YEAES) 
HIGH-SCHOOL  GEADU ATE  M )  V.  OTHER (0) 
SINGLE,  NO  DEPENDENTS  (0)  ,  OTHERWISE  (1) 
CONVERTED  NUMEER  Cf  YEARS  CE  EDUCATION 
STANDAEDIZED  SCORE  -  GENERAL  INFORMATION 
STANDARDIZED  SCORE  -NUMERICAL  OPERATIONS 
STANDAEDIZED  SCORE  -  ATTENTION  TO  DETAIL 
STANDARDIZED  SCORE  -  WORD  KNOWLEDGE 
STANDAEDIZED  SCCBE  -ARITHMETIC  REASONING 
STANDARDIZED  SCORE  -  SPACE  PERCEPTION 


£  N$R  Y 


STANDARDIZED 

STANDARDIZED 

STANDARDIZED 

STANDARDIZED 

STANDARDIZED 

STANDARDIZED 

STANDARDIZED 

STANDAEDIZED 

STANDARDIZED 

STANDARDIZED 

STANDARDIZED 


AD  ASVAB 
AD  ASVAB 
DEPEND1S 
DEPENI1S  *  BLACK 
DEPEND1S  *  NDSEX 
DEPENITS  *  TERMENII 
DEPENDTS  *  SASVABAI 
DEPENITS  *  A  DMI NSCR 
H SDG  *  BLACK 
HSDG  *  NUSEX 
H SDG  *  TERMENLT 
HSDG  *  SASVAEAI 
HSDG  *  ADMIN  SCR 
BIACK  *  NUSEX 
BLACK  *  TERMENLT 
BIACK  *  SASVABAI 
BLACK  *  ADMINSCB 
NUSEX  *  1EEMEN1T 
NUSEX  *  SASVAEAI 
NUSEX  *  ADMINSCE 
TERM E  &  IT  *  SASVABAI 
TERMEMT  *  ADMINSCE 
SASVAEAI  *  ADMINSCE 


DARDIZED  SCORE  -  SPAC 
DARDIZED  SCORE  -  MATH 
DARDIZED  SCORE  -  ELEC 
DARDIZED  SCORE  -  MECH 
DARDIZED  SCORE  -  GENE 
DARDIZED  SCORE  -  SHOP 
DARDIZED  SCORE  -  AUTO 
BIACK,  ELSE  (0) 
NEITHER  BLACK  NOR  WHI 
f AIE,  10)  FEMALE 
SVAB  COMPOSITE 
SVAB  COMPOSITE  SCREEN 
NETS  *  HSDG 
NI1S  *  BIACK 
NITS  *  NDSEX 
NITS  *  TERMENII 
NETS  *  SASVABAI 
NITS  *  ADMINSCE 


MATH  KNOWLEDGE 
ELECTRONIC  INFO 
MECH  COMPREHENSION 
GENERAL  SCIENCE 
SHOP  INFORMATION 
AUTO  INFORMATION 

WHITE,  ELSE  (0) 


meaningful.  In  this  study,  frequency  analysis  wi  s  performed 
to  provide  counts  and  percentage  distr ibutions  of  individ¬ 
uals  in  the  sample,  and  to  illustrate  the  range  of  the 
predictor  and  criterion  variables.  This  information 
provided  a  tase  upon  which  to  screen  aberrant  observations 
and  tc  compare  the  results  of  this  study.  Freguency  distri¬ 
butions  are  provided  in  Appendix  B  for  the  AD  rating. 
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T ABIE  II 
Selection  Models 


Model 

Pr edictcrs/ 
Discriminating 

V  ariatles 

Regression 

Criterion 

V  ariable 

Discc i minan 
Classif icati 
Variable 

A 

EEPENETS 
ADMIN  SCR 
EIACK 
NUSEX 

TEBMENL  T 
ESDG 

CTHEfi 

1AFMS 1 

SUCCTAE 

E 

TER  ME  NL  T 
INTER  C4 
INTER  14 

1KTER03 

INTER08 

1  ST  ER2 1 

TAFMS 1 

SUC Cl AF 

C 

INTER  C3 
SASVAEWK 

1NTER08 

EKTfiPAYG 

TAFMS1 

SUC  CTAF 

£ 

EEPENETS 
CTHEfi 
£AS  VAEAI 

H£DG 

TIRMENLI 
£A£VABW K 

SUCCESS2 

SUCCESS! 

E 

INTER  03 

1NTER09 

S UCCESS2 

SUCCESS2 

E 

INTER  03 
INT  EB  21 
£AS VAEEI 
SASVAESI 
CHYEC 

INTER09 
CTHEfi 
EASVABM  K 
iECTGRPS 

SUCCESS2 

SUCCESS! 

Note:  Variable  sets  A,  E,  E  and  E  resulted  from 

stepwise  regression  techniques.  Ihe  var¬ 
iable  sets  c  and  E  resulted  from  stepwise 
discriminant  techniques. 

Table  I  provides  the  labels  for  these 
variables. 


2.  Summary  Statistics 

like  frequency  distributions,  descriptive  summary 
statistics  are  useful  for  analyzing  and  interpreting  quanti¬ 
tative  data.  These  summary  statistics  represent  properties 
of  location,  dispersion  and  shape,  and  may  be  usee  to 
extract  and  summarize  features  of  the  data  set. 
fiepresentative  summary  statistics  for  variables  in  the  AD 
data  set  are  shown  ir  Table  III. 


TAELE  III 

Selected  Summary  Statistics 


V  AEIAE1E 

PEAK 

S IANEARD 
DEVIATION 

aim  iron 

VALUE 

PAXIPCP 

VALUE 

AIC1ECNT 

43.4  5 

20.50 

6.  00 

59. 0C 

TAPPS  1 

49.22 

5.44 

2.  00 

72. OC 

EtiTEYAGE 

18. 8  5 

1.62 

17.00 

30. 0C 

SASVAEGI 

49.9  1 

7.71 

20.00 

66. 0C 

SASVAENC 

50.42 

7.60 

23.  00 

65.00 

S  A  £  V  A£  A£ 

50.  34 

9.  28 

20.00 

8C.0C 

S ASVAEKK 

48. 2C 

7.5  1 

3  0.00 

64.00 

SASVAEAE 

48. 9  2 

6.  58 

29.  00 

65. 0C 

S  ASVAE SF 

49.  12 

8.  39 

21.00 

66. 0C 

SA£ VAEPK 

50. 4 6 

7.  01 

2b.  00 

67.  CC 

S  A  £  V  A  EEI 

51.04 

6.58 

20.  00 

68.00 

£  A  £  V  AIMC 

50.  08 

8.  24 

25.  00 

71. 0C 

£  A  £  V  AEGS 

49.  57 

7.  14 

24.00 

7C.  0C 

£ A£V AESI 

50. 9  C 

8.  48 

20.  00 

65-0C 

SA£VAE AI 

51.16 

9.  51 

26.00 

67.00 

CE  YEC 

11.79 

0.73 

3.  50 

16. 0C 

ACCCHECS 

189.95 

19.  19 

99.00 

264.00 

3.  t ul tivaria  t€  Correlation  Analysis 

Peasuring  the  strength  ox  the  relationship  between 
variables  nay  he  acccnplished  by  correlation  analysis.  Ibis 
technigue  enables  one  to  gain  an  idea  of  the  degree  cf  asso¬ 
ciation  cr  covariation  that  a  variable  has  with  another 
variable.  The  summary  measure  that  expresses  the  extent  of 
this  relationship  is  the  coefficient  of  correlation,  r, 
whose  values  range  frci  -1  for  perfect  negative  correlation 
to  ♦ 1  for  perfect  positive  correlation.  Values  close  to 
zero  indicate  little  systematic  covariation  between  two 
variables.  Correlation  coefficients  for  guantitative  vari¬ 
ables  used  in  this  study  are  contained  in  Appendix  E. 

Assessing  the  strength  of  association  between  vari¬ 
ables  does  not  allow  a  researcher  to  predict  the  value  of 
one  variable  from  the  value  cf  another  variable.  The  latter 
involves  regression  technigues,  and  is  presented  in  the  next 
section  of  this  study. 
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REGRESSION  ANALYSIS 


Regression  analysis  is  cne  method  used  to  develop  a 
statistical  model  that  can  predict  the  values  ox  a  dependent 
cr  respcrse  variable  based  on  the  values  of  independent  or 
explanatory  variables.  Hather  taan  merely  measuring  the 
asscciatiox  between  variables  with  correlation  analysis,  a 
regression  model  attempts  to  predict  or  explain  the  value  of 
the  criterion  variable  by  developing  an  eguation  that  is 
based  cn  weighted  values  of  one  cr  more  predictor  variables. 

In  developing  the  selecticn  models  xn  this  study,  the 
process  employed  was  to  first  apply  a  variable  "search" 
procedure  called  stepwise  regression.  The  resultant  models 
were  ther  analyzed  by  simple  regression  analysis,  ana  vali¬ 
dated  acainst  a  hcld-cut  sample  of  the  data  set.  The 
details  cf  this  process,  the  specific  models  derived,  and 
results  of  the  analysis  are  reported  in  the  following 
sections.  Appendix  C  contains  a  discussion  of  regression 
analysis  assumptions  and  methodology. 

1  •  -teg: wise  Regression 

Cne  of  the  desired  characteristics  of  a  regression 
model  is  parsimony,  which  means  including  the  least  number 
cf  explanatory  variables  that  permit  adeguate  interpretation 
cf  the  dependent  variable  of  interest.  Such  mcdels  are 
easier  to  interpret  and  are  not  as  likely  to  be  affected  by 
aulticcllinearity3  picbiems.  In  developing  the  aodels  for 
this  study,  stepwise  regression  procedures  were  employed  to 
find  a  "test"  combination  cf  predictor  variables,  thereby 
avoiding  the  ccaiputationally  complex  and  costly  process  of 
examining  all  possible  regressions. 

3tulticcliinearity  refers  to  tne  condition  in  which  scae 
cf  the  independent  variables  are  highly  correlated  with  each 
ether.  fchen  m ul ticcllinear i ty  is  present,  the  values  cf  the 
regression  coefficients  for  the  correlated  variables  may 
fluctuate  dramatically. 


In  this  study,  two  sets  of  candidate  pred ictcr  vari¬ 
ables  were  analysed  with  the  stepwise  procedure.  The  first 
set  included  those  entry-level  attributes  and  measures  ttat 
were  considered  likely  tc  be  good  predictors  cf  each 
criterion,  based  on  a  review  of  similar  enlistment  standards 
studies.  As  discussed  in  Chapter  II,  these  variables 
included  individual  and  demographic  measures  such  as  mental 
ability,  aaount  of  education,  entry  age,  entry  paygrade, 
marital  status,  AFQT  percentile,  and  AS V A3  scores.  Table  IV 
provides  a  list  of  the  18  candidate  variables  from  the  AD 
data  set  that  were  used  in  the  stepwise  procedure. 

The  second  set  of  candidate  predictor  variables 
included  the  seven  variables  from  the  first  set  that  met  the 
specified  significance  level  for  inclusion  in  the  stepwise 
model.  In  addition,  this  set  included  all  two-level  inter¬ 
actions4  of  these  seven  variables.  Inclusion  of  interaction 
terms  in  this  study  represents  a  marked  departure  from 
previous  enlistment  standards  research.  Ihe  results  cf  this 
analysis  clearly  indicate  the  presence  cf  interaction 
effects  among  predictor  variables.  The  seven  predictor 
variables  and  21  interaction  terms  used  in  the  stepwise 
analysis  are  also  contained  in  Table  IV. 

Csing  these  two  sets  of  candidate  predictor  vari¬ 
ables,  the  stepwise  procedure  was  run  on  each  of  the  two 
criterion  variables,  1AFMS1  and  SUCCESS2,  wnich  were  defined 
in  Chapter  III.  The  resulting  four  models  were  developed 
from  a  uniform  random  split,  the  derivation  sample,  cf  1440 
observations  in  the  AD  data  set.  This  derivation  sample 
constituted  approximately  half  of  the  2820  total  cases  in 
the  AE  data  set.  Sc  doing  facilitated  cross-validation  of 


4An  interaction  involves  the  product  of  two  or  mere 
independent  variables,  and  is  included  in  a  regression  model 
when  the  relationship  between  one  independent  variable  and 
the  dependent  variable  changes  for  differing  values  of 
another  independent  variable  £Bef.  11]. 
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'if* 

T  ABIE  IV 

Predictors  in  Stepwise  Regressions 

Variable 

label 

' 

— 

FIE£3  SET  — 

AFC1FCNT 

— 

AFQT  EERCEN  HIE  (CR  EQUIVALENT) 

AGE  CE  INDIVIDUAL  AT  TIME  OF  ENTRY 

n 

ENTE  Y  AGE 

— 

ENTRPA  YG 

— 

ENTRY  FAYGRADE  1EQ — Oil) 

TZRMENIT 

- 

TERM  CE  ENLISTMENT  (NO.  OF  YEARS) 

ES  DC 

- 

EIGH-SCHOOL  GRADUATE  ( 1)  V.  OTriER  (0) 

DEPENDTS 

— 

SINGLE,  NO  DEPENDENTS  (0),  OTHERWISE  (1) 

STANDARDIZED  SCORE  -  GENUAL  INFORMATION 

SASVAEGI 

— 

SASVAENO 

— 

STANDARDIZED  SCORE  -NUMERICAL  OPERA1ICNS 

£  AS  VAE &D 

— 

ST ANIARDIZED  SCORE  -  ATTENTION  TO  DETAIL 

m 

SASVAEWK 

— 

STANDARDIZED  SCORE  -  WORD  KNOWLEDGE 

£  A  £  V  A  E  SP 

- 

STANDARDIZED  SCORE  -  SPACE  PERCEPTION 

£A£ VAEHC 

- 

STANDARDIZED  SCORE  -  MECH  COMPREHENSION 

£  A  £  V A  E  £1 

- 

STANDARDIZED  SCCRE  -  SHCP  INFORMATION 

£ASVAEAI 

- 

STANDARDIZED  SCORE  -  AUTO  INFORMATION 

. 

EIACK 

— 

(1)  EIACK,  ELS  F  (0) 

11}  NEITHER  BL.CK  NOR  WHITE,  ELSE  (0) 

Cl  E  EE 

- 

NUSEX 

— 

ij  BALE,  (0)  FEMALE 

AD  ASVAB  COMPOSITE  SCREEN 

• 

ADMINSCR 

• 

TERMENLT 

— 

SECOND  SET  — 

TERM  CF  ENLISTMENT  (NO.  OF  YEARS) 

E££G 

— 

BIGB-SCHCOL  GRADUAIEM)  V.  OT  HER  (0) 

SINGLE,  NO  DEPENDENTS  10)  t  OTHERWISE  (1) 

STANDARDIZED  SCORE  -  AUTO  INFORMATION 

DEPENDTS 

— 

{< 

£ A£  V A  E AI 

— 

EIACK 

— 

(1)  EIACK,  USE  (05 
]lj  MALE,  (C)  FEMALE 

NUSEX 

— 

• 

ADMINSCR 

— 

AD  ASVAB  COMPOSITE  SCREEN 

3NTEHC  1 

— 

DEP  E NIT  S  *  HSDG 

» 

1NTER02 

— 

DEPENDTS  *  ELACK 

-  J  * 

3NTERC3 

— 

DEPENDTS  *  NDSEX 

3NTER04 

— 

DEPENDTS  *  1ERBENLT 

■ 

INTERG5 

— 

DEPENDTS  *  SASVABAI 

O 

JN1ERC6 

— 

DEPENDTS  *  ADMINSCR 

1N1ER07 

— 

HSDG  *  BLACK 

INTEBOB 

— 

HSDG  *  NUSEX 

INI  EE  0  S 

— 

HSDG  ♦  TERM  ENLT 

INTEBIC 

— 

HSDG  *  SASVAEAI 

INI  EE  1  1 

— 

HSDG  *  ADMINSCR 

INTER12 

— 

ELACK  *  NUSEX 

IN  1  EE  1  3 

— 

ELACK  *  TER  MENU 

a 

3N1EE14 

— 

ELACK  *  SASVAEAI 

-• 

3N1EE  1  f 

— 

ELACK  *  ADMINSCR 

3N1EE16 

— 

NUSEX  *  TERMENIT 

3N1EE17 

— 

NUSEX  *  SASVAEAI 

.  *• 

INIERI  8 

— 

NUSEX  *  ADMINSCR 

3N1EE  19 

— 

TERM  F  NLT  *  SASVAEAI 

IN1EE2C 

— 

TERM  1  NIT  *  ADMINSCR 

• 

3N3ER2  1 

SASVAEAI  *  ADMINSCR 

the  ucdels  again 

st  a  told-out  sample,  the  validation  saaple. 

• 

whose  chaiacterist  ics  would  not  influence  the  original 

«  i 

• 

_  j .  . ..  ■ .  •  j  _ _  _  .  ‘ 

development  of  the  models.  The  predictor  var iarles  that 
remained  in  the  model  at  the  termination  of  the  stepwise 
procedure  were  significant  at  p  <  .10,  and  most  variables 
were  significant  at  p  <  .05.  The  four  models  themselves 
were  significant  at  p  <  -00C1. 

2.  Multiple  Regression 

The  four  models  developed  by  tne  stepwise  process 
were  rest  analyzed  using  the  SAS  Regression  procedure  to 
describe  the  particular  straight  line  model  that  test  fit 
the  data.  Table  V  contains  the  printed  output  from  the  £AS 
Regression  procedure  that  was  run  on  each  of  the  fcur 
models.  For  comparative  purposes,  two  models  developed  by 
discriminant  analysis  technrgues,  discussed  in  the  next 
section  cf  this  cnapter,  are  also  shown  in  table  V.  The  SAS 
User  *  s  Guide  provides  a  detailed  description  of  the  statis¬ 
tics  that  are  included  in  the  tables,  as  well  as  their 
method  cf  computation  [Bef.  12  j-  It  can  be  seen  that  Model 
E,  with  the  highest  R-SwUABF  and  all  variables  statistically 
significant,  is  the  preferred  regression  model. 

The  proportion  of  variation  in  the  criterion  vari¬ 
able  explained  by  the  set  of  predictor  variables  selected  is 
called  tie  coefficient  of  multiple  determination,  and  is 
denoted  F-SCUARE.  The  values  of  R-SQUABE  for  the  models 
developed  in  this  study  are  relatively  low.  This  may  be 
partially  attributable  to  the  large  number  cf  observations 
in  the  A£  cata  set.  However,  it  is  also  likely  that  the 
variation  cf  the  criterion  variable,  length  of  service  or 
success  as  defined  in  this  study,  is  also  due  to  factors  not 
captured  by  the  entry-level  attributes  and  measures  used  as 
predictor  variables.  These  factors,  which  affect  an  indi¬ 
vidual’s  performance  and  decision  to  remain  in  the  service, 
present  themselves  subsequent  to  enlistment.  They  may 
include  satisfaction  with  initial  assignment,  geographical 
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TAB! £  V 

Regression  Analysis  Results 


licdel 

Predictors 

Paramete  r 

Prob  >  jl| 

R  Sguac  e 

E  Value 

Estimates 

A 

INTERCEPT 

29.049 

0.000  1 

0. 0537 

11.613 

CEP ENDTS 

2.  841 

0.0636 

TER  MEN  IT 

3.639 

0.0001 

AC  K1NSCE 

-1.  207 

0.0260 

ESEG 

1.807 

0.0036 

CTEER 

2.254 

0.0294 

NEEEX 

4.  171 

0. 0079 

HACK 

1.729 

0.0131 

B 

INTERCEPT 

32.  140 

0.0001 

0. 0547 

13.826 

TEE  EENLT 

3.890 

0.000  1 

1NTER03 

15.724 

0.0026 

INTER04 

-2.  937 

0.0  173 

INTER06 

2.  113 

0. 0004 

3NTER14 

0.032 

0. 0398 

INTER21 

-0.024 

0.0134 

C 

INTERCEPT 

51. 746 

0.0001 

0. 0220 

6.069 

1NTER03 

3.  888 

0.0163 

1N1ER08 

2.  137 

0.0004 

EAR VABWK 

-0.  101 

0.0022 

E  NT  f PA  YG 

0.416 

0.3685 

D 

INTERCEPT 

0.535 

0.0002 

0. 0255 

6.238 

EEPENDTS 

0.  172 

0.0131 

TEEMENLT 

0.053 

0.0549 

ESBG 

0.115 

0.0001 

CTEER 

0.080 

0.0871 

EASVABAI 

0.001 

0.5630 

RASVABWK 

-0.003 

0.1028 

E 

INTERCEPT 

0.663 

0.000  1 

0.  0193 

14.5C1 

INTER03 

0.  196 

0.0064 

INTER09 

0.030 

0.000  1 

F 

INTERCEPT 

0.  565 

0.0309 

0.  0370 

6.107 

1NTER03 

0-202 

0.0053 

INTER09 

0.  038 

0.000  1 

1NTER2  1 

-0.001 

0.0576 

CTEER 

0.  101 

0.0297 

EAR  VABEI 

0.006 

0.0022 

EAR  MB  SI 

0.002 

0.1456 

CHYEC 

-0.033 

0.  1  138 

AFQTGRPS 

-0.027 

0.0092 

lccaticn  of  duty  . 

assignment , 

command  climate,  unit 

e  a {ley 

ment,  change  in  marital  status,  societal  values  and  pres- 
sures,  and  educaticral  and  economic  opportunities  cutside 


the  ailitary.  These  factors  or  measures  are  pest  hoc 
considerations  teat  are  not  available  when  screening  candi¬ 
dates  fez  enlistment  and  initial  rating  assignment.  They 


are  issues  that  are  appropriate  for  more  sophisticated  meth¬ 
odologies,  for  example,  covariance  structure  analysis  which 
can  treat  complicated  enlistment  standards  models  as  a 
series  of  simultaneous  equations  tnat  capture  performance  as 
a  " mult iple-stage"  piccess  occurring  tnroughout  an  individu¬ 
als  military  career-  [fief.  10] 

3 .  Val  idaticn 

The  results  cf  the  regression  procedure  were  next 
validated  against  the  hold- cut  sample.  Each  of  the  regres¬ 
sion  models  was  derived  from  a  uniform  random  sample,  the 
derivaticc  sample,  cf  the  observations  in  the  AD  data  set. 
The  SAS  Begressicn  procedure  was  employed  to  calculate  the 
parameter  estimates  fcr  the  associated  predictor  variables 
using  data  from  cbservations  in  this  derivation  sample.  Ihe 
SAS  Score  procedure  then  used  these  estimates  to  predict  the 
value  cf  the  critericr  variable  for  each  observation  ir  the 
validaticr  sample.  Finally,  these  predicted  values  were 
correlated  with  the  actual  values  of  the  criterion  in  the 
validation  sample.  These  correlations  represent  the  valida¬ 
tion  coefficients  for  each  model,  and  are  shown  in  Table  VI. 

T ABIF  VI 

fiegression  flodel  Validities 

First  Validity  Second  Valrdity  Average 

Coefficient  Coefficient  Validity 

0.  21342  0.  20317  0.21 

0  -  1153  6  0.21683  0.22 

0 .  14  45  S  0.  13612  0.14 

0.  17387  0.  13766  0.  16 

0.  1779C  0.  12751  0.  14 

0.  1443C  0.  13531  0.  14 

The  First  Validity  Coefficient  is  the  cesult  cf 
the  cross-validation,  and  the  Second  Validity 
Coefficient  results  from  the  double  cross- 
validation.  The  reported  average  is  the  simple 
arithmetic  mean. 


As  a  further  check  cf  the  validity  of  the  six 
regression  models,  the  process  was  repeated  iy  deriving 
parameter  estimates  from  the  validation  sample,  and  using 
these  estimates  to  correlate  the  actual  and  predicted  values 
cf  the  criterion  for  observations  in  the  derivation  sample. 
This  double  cross-validation  technique  is  descritec  in 
detail  iy  Campbell  £  Eef  <.  13].  Table  VI  also  contains  tnis 
second  set  cf  validity  coefficients  for  the  six  models. 

Cccasionally ,  concern  is  expressed  that  random 
samples  may  not  be  from  a  homogeneous  population,  and, 
therefore,  the  sample  correlations  may  differ  from  the  popu¬ 
lation  correlations.  One  method  of  addressing  the  problem 
cf  heterogereous  samples  is  to  average  the  correlation  coef¬ 
ficients  to  obtain  a  single  estimate  of  the  population 
correlation.  If  the  sample  correlations  are  of  about  the 
same  value  and  if  they  are  not  too  large,  as  is  the  case 
with  this  study,  this  simple  arithmetic  mean  will  suffice, 
fcere  this  net  the  case,  however,  another  technigue  is  to  use 
transformations  to  Fisher's  z  coefficients.  [fief.  14]  ihe 
simple  arithmetic  average  correlations  are  also  presented  in 
Table  VI.  Appendix  C  contains  the  program  used  to  calculate 
validity  coefficients. 


C.  E1SCEIB JHAHT  ANAI1SIS 

The  third  statistical  method  employed  in  this  research 
was  discriminant  analysis.  The  use  of  discriminant  analysis 
allows  observations  tc  be  classified  into  two  or  more  groups 
or  categories  on  the  basis  of  cne  or  more  numeric  variables. 
As  was  dene  with  regression  analysis,  the  discriminant 
models  were  derived  aid  analyzed  from  the  derivation  sample 
of  the  data  set,  and  tested  against  the  hold-out  sample  of 
ebse r va t ions.  Variables  in  the  model  were  again  selected 
using  stepwise  technigues.  The  resulting  two  models,  and 
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the  fcur  models  developed  by  regression  analysis,  were  then 
analy2ed  using  the  SA£  Discriminant  procedure.  The  program 
used  in  this  analysis  is  contained  in  Appendix  D,  along  with 
a  discussion  of  discriminant  analysis  assumptions  and 
met  hccclcgy. 

1 .  £te  t-wise  Discriminant  Analysis 

The  SAS  Stepwise  Discriminant  procedure  was  employed 
to  select  tie  most  useful  discriminating  variables.  It  is  a 
logical  and  efficient  method  of  choosing  an  optimal  combina¬ 


tion  cf  variables. 


Their  selection  to  enter  or  leave  the 


model  is  based  on  either  the  significance  level  of  an  F  test 
or  a  sguared  partial  correlation  criterion.  The  selected 
variables  are  those  which  contribute  most  to  the  discrimina¬ 
tory  power  cf  the  model.  £Eef.  12] 

The  variables  chosen  by  the  stepwise  discriminant 
process  were  selected  from  the  46  candidate  variables  shewn 
previously  in  Table  I.  The  entry-level  attributes  and  meas¬ 
ures  that  were  considered  likely  to  be  good  predictors,  as 
discussed  in  Chapter  II,  represent  25  of  these  candidate 
variables.  The  other  21  variables  are  the  two- level  inter¬ 
action  terms  considered  during  regression  analysis  of  tne  AD 
data  set.  The  procedure  was  run  on  each  of  the  two 
criterion  variables,  SUCCTAF  and  SUCCESS2,  discussed  in 
Chapter  III.  The  criterion  variables  define  the  groups  into 
which  each  observation  will  be  classified  by  discriminant 
analysis,  and  are  called  classification  variables. 

2.  liscri minant  Analysis 

As  previously  mentioned,  discriminant  analysis 
involves  the  study  cf  differences  between  two  or  mere 
groups,  defined  by  a  single  nominal  level  variable,  with  a 
set  cf  common  discriminating  variables. 


1 1 €  SAS  Eiscriminan t  Analysis  procedure  provided  the 
leans  for  conducting  discriminant  analysis  cf  the  AE  data 
set.  Tne  procedure  vas  run  on  eacn  of  the  six  models  devel¬ 
oped  ly  stepwise  regression  and  stepwise  discriminant 
processes.  Each  observation  is  placed  in  the  class  from 
which  it  has  the  smallest  generalized  squared  distance. 
Also  taken  into  account  were  the  prior  probabilities  of 
group  membership.  These  probabilities  are  obtained  from  a 
freguency  distrituticr  cf  actual  successes  and  failures  cf 
the  sample  data  set.  This  was  considered  appropriate  since 
this  study  is  attempting  tc  improve  upon  the  selection 
process  in  use  at  tie  time  the  individuals  enlisted. 

Table  VII  contains  the  results  of  discri minar t  anal¬ 
ysis.  Each  procedure  incorporated  the  prior  probability  cf 
group  membership,  indicated  on  tne  classification  matrix  as 
ffilCEE.  I he  classif icati cn  matrix  is  divided  into  icur 
elements  which  depict  the  number  of  actual  (row)  versus 
predicted  (column)  classif ications  into  successful  (1)  or 
failure  (0)  groups.  The  four  elements  (actual,  predicted) 
in  the  matrix  are: 
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Each  secticn  first  certains  the  classification  matrix  devel¬ 
oped  by  applying  the  classification  function  to  the  deriva¬ 


tion  sample.  The  second  classification  matrix  depicts  tne 
results  of  applying  this  same  classification  function  to 
observations  in  the  hcld-out  sample,  thereby  validating  the 
model . 
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The  table  alsc  sncis  two  rates  relevant  tc  eacn 
classification  matrix.  The  first  rate  is  the  percertace  of 
correct  cl assix ica t ices,  called  the  "hit  rate",  wnich 
provides  a  measure  cf  the  accuracy  of  the  discriminant 
model.  The  second  rate  is  the  percentage  of  enlistees  who 
were  classified  as  (1,1)  compared  to  all  cases  who  were 
predicted  as  successful.  It  is  called  the  "success  rate", 
and  it  provides  a  measure  cf  how  well  this  selection  model 
would  have  performed.  It  may  he  compared  to  the  criciral 
selection  strategy  success  rate,  the  priors.  Success  rate 
is  at  important  considerat ion  with  utility  analysis,  and 
will  te  addressed  further  in  Chapter  V.  As  with  regression 
analysis,  2odel  B  is  again  the  preferred  model  since  it  is 
tne  crly  cne  that  improves  upon  the  selection  strategy  in 
existence  during  the  timeframe  of  the  AT  data  set. 

Tc  illustrate  how  the  results  may  re  interpreted,  an 
example  cf  the  classif ication  matrices  for  Model  A  will  be 
explained.  The  model  correctly  classified  49  observations 
as  failures  and  1079  observations  as  successful.  The  sum  of 
tnese  correct  classifications  represents  79  percent  cf  the 
total  cf  1440  observations  in  the  derivation  sample.  To 
test  the  model's  accuracy,  the  classification  function  is 
applied  to  the  validation  sample.  Tne  second  classification 
matrix  irdicates  47  failure  and  1039  successful  observations 
were  correctly  classified.  The  sum  represents  a  bit-rate  of 
79  percent  cf  the  total  of  1380  observations  in  the  hold-cut 
sample.  The  consistency  cf  these  hit-rates  indicates  the 
model  is  valid.  The  model  letters  tne  85  percent  success 
rate  experienced  by  the  Navy  with  the  selection  process  used 
at  the  time  the  observations  enlisted. 

However,  it  is  difficult  to  signif icantly  improve 
upon  such  a  hi3h  success  rate.  Additional  entry-level 
attrihutes  and  measures  might  be  found  tc  better  capture 
success  as  defined  in  tins  study.  An  alternate  approach 
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would  be  tc  redefine  the  success  criterion.  In  either  case, 
however,  tie  methodology  presented  in  tnis  chapter  may  be 
similarly  followed  tc  develop  and  test  enlistment  standards 
models.  Ihe  next  chapter  will  discuss  a  method  by  which  the 
utility  cf  such  an  effort  may  be  measured. 
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?.  UTILITY  ANALYSIS 


This  chapter  cortains  an  explanation  of  ta  e  applica¬ 
bility  cf  utility  aralysis  to  the  development  of  selection 
procedures,  and  discusses  the  theory  of  utility  analysis. 
The  methodology  used  in  this  study  to  apply  utility  analysis 
is  described,  along  liith  sections  on  the  calculation  cf  cell 
prolahlities  for  regression  and  discriminant  models,  and  a 
section  on  estimating  cell  utilities.  More  detail  cr  the 
calculations  and  procrams  used  for  utility  analysis  may  be 
found  in  Appendix  E. 

A-  E EE f CEE  OF  UTILITY  ANALYSIS 

The  development  cf  a  model  for  use  in  predicting  an 
applicant’s  future  performance  in  a  particular  job  is  a  very 
necessary  part  cf  most  selection  procedures.  However,  the 
model  itself  does  net  constitute  enough  information  to 
enable  a  decision  to  be  made  cn  whether  or  not  it  is  worth 
implementing.  The  validity  of  the  model  is  one  indicator  cf 
its  petertial  usefulness  but,  as  will  be  seen,  other  factors 
signif icantly  affect  the  usefulness  of  a  model.  All  organi¬ 
zation  would  find  it  valuable  tc  be  able  to  judge  the  worth 
cf  their  strategy  in  guantitative  terms,  particularly  when 
comparing  their  existing  strategy  to  a  newly  developed, 
competing  strategy.  A  framework  is  needed  which  will  allow 
the  evaluation  of  a  selection  model  in  terms  cf  the  institu¬ 
tional  gains  (or  losses)  that  are  expected  to  result  when 
that  model  is  used  to  guide  decisions  on  selection. 
Classical  utility  analysis  provides  such  a  framework,  ard  it 
allows  the  calculatici  of  usefulness  to  be  made  in  terns  cf 
actual  cellars,  which  facilitates  the  comparison  cf  one 


£.  TIFCEY  CF  UTILITY  ANALYSIS 


It  the  context  cf  utility  analysis,  there  are  four 
outcomes  cf  interest  associated  with  selection  decisions. 
These  cutccaes  are: 

«  Valid  Positives  (VP)  ,  which  refers  to  the  number 
cf  applicants  that  are  hired  and  wno  turn  cut  tc 
he  successful  cn  the  jot. 

*  Positives  (FP)  ,  which  refers  to  the  number 
cf  applicants  that  are  hired  and  who  turn  cut  tc 
te  unsuccessful  on  the  jet. 

«  False  Negatives  (FN)  are  the  people  who  were  net 
hired,  hut  wbc  would  have  been  successful  if 
they  had  been  hired. 

•  Valid  Negatives  (VN)  are  the  people  that  were 
net  hired,  and  who  would  have  been  unsuccessful 
if  they  had  teen  hired. 

It  is  ctvicus  frem  the  terminology  and  the  explanations  that 
VP  and  VK  constitute  correct  selection  decisions, .and  FP  and 
IN  represent  selection  error. 

These  outcomes  are  perhaps  easier  to  understand  with  the 
aid  of  a  diagram.  Ficure  5.1  shews  the  relationship  between 
hypothetical  predicted  (from  a  model)  and  actual  scores  on  a 
job  performance  criterion  fer  a  large  number  cf  job 
applicants . 

The  ellipse  contains  the  data  on  predicted  and  actual 
criterion  scores.  In  this  diagrammatic  example,  the  corre¬ 
lation  between  the  predicted  and  actual  scores  (the  model's 
validity)  is  apparent — higher  predicted  scores  are  associ¬ 
ated  with  higher  actual  scores  and  vice  versa.  The  point 
cn  the  vertical  axis  is  the  dividing  line  between  what  is 
considered  to  be  successful  performance  (say  completion  cf 
48  mentbs  cf  service  fer  first  term  enlistees),  and  unsuc¬ 
cessful  performance  (less  than  48  months  service  before 


Figure  5.1  Hypothetical  Predicted  and  Actual  Scorer 


discharge) .  In  utility  analysis  the  term  base  rate  is 
defined  as  that  proportion  of  current  employees  wbc  are 
considered  to  be  successful.  If  seven  out  of  everj  ten 
employees  are  successful,  theD  the  base  rate  is  .70.  ihe 
point  x  on  the  horizontal  axis  is  referred  to  as  the  cut 
score .  If  an  applicant's  predicted  score  (from  the  model) 
is  greater  than  x,  then  that  person  will  be  accepted 
(hired),  ard  if  their  predicted  score  is  less  than  x,  then 
they  will  be  rejected  (not  hired).  The  location  of  x  cr  the 
horizontal  axis  will  often  depend  on  the  selection  ratio, 
which  is  the  proportion  of  applicants  that  need  to  he 
accepted  in  order  tc  fill  a  certain  number  of  jobs.  If, 


ever  tie  course  cf  ere  year,  80  job  vacancies  are  expected 
to  cccur  and  if  100  applicants  over  the  year  are  expected  to 
apply  fer  those  jobs,  then  the  selection  ratio  needs  to  be 
.80  if  all  vacancies  are  to  be  filled.  In  the  happy  circum¬ 
stance  (from  the  recruiter's  point  of  view)  where  there  are 
tar  acre  applicants  than  jobs,  then  the  cut  score  x  will  be 
chosen  sc  as  to  maximize  the  u ti lit v  cf  the  selection  proce¬ 
dure.  Ctility  is  defined  here  to  mean  the  expected  gain  in 
cellars  that  results  from  a  particular  selection  strategy. 

The  lines  generated  from  the  base  rate  and  the  cut  score 
divide  the  sample  irto  four  cells  as  shown.  Each  cell 
contains  the  people  who  are  classified  into  each  of  the  four 
outcomes  cf  interest.  In  cells  1  and  2  are  people  whese 
predicted  score  is  higher  than  the  cut  score.  Iherefcre 
these  people  would  be  classified  as  accept.  These  accepted 
people  (the  positives)  are  further  divided  into  these  who 
would  he  successful  (valid  positives)  and  those  who  would  be 
unsuccessful  (false  positives) .  Cells  3  and  4  contain  the 
people  whe  scored  lower  than  the  cut  score  cn  tne  predictor, 
and  these  would  be  classified  as  reject.  Again,  seme  of 
these  rejected  cases  would  have  been  successful  (false 
negatives),  and  some  would  have  failed  (valid  negatives). 
In  utility  analysis  it  is  convenient  to  convert  the  cell 
counts  (represented  hy  VP,  E P,  FN  and  VN)  to  proportions  of 
tne  overall  sample,  so  each  ccunt  is  divided  by  the  number 
cf  people  in  the  sample  and  the  cell  probabilities  (PVP, 
PFP,  PIN  and  PVN  respectively)  result. 

Cre  further  result  of  interest  is  the  success  rate.  The 
success  rate  is  defined  as  the  proportion  of  hired  appli¬ 
cants  who  are,  or  will  he,  successful.  It  is  simply  feurd  by 
dividing  PVE  by  the  sum  of  PVP  and  PFP. 

Given  the  concepts  and  terminology  outlined  above,  it  is 
now  possible  to  discuss  in  general  terms  the  factors  that 
will  affect  the  cell  probabilities  which,  in  turn,  affect 
the  expected  utility. 


1.  Kcdel  Validity 

The  model’s  validity,  as  measured  tv  the  correlation 
between  predicted  and  actual  scores,  is  one  factor  that 
determines  the  degree  of  selection  error  resulting  from  the 
selection  strategy.  If  the  validity  is  high,  then  the 
proportions  of  correctly  classified  people  (PVP  and  PVN) 
will  he  higher,  and  the  selection  error  (PFP  and  PFN)  will 
he  lower.  Vineberg  and  Joyner  in  their  review  of  almost  150 
military  studies  related  to  jot  performance  prediction, 
found  that  validities  range  from  .15  to  .40,  from  a  total  of 
550  validity  coefficients  £  fief .  15].  Generally,  validities 
within  this  range  world  be  considered  as  low  or  medium. 

2.  Ease  Rate 

If  the  existing  base  rate  is  high  (say  .70  or 
greater),  then  it  means  that  whatever  selection  strategy  is 
currently  in  use  has  a  high  rate  of  success  in  identifying 
potentially  successful,  applicants.  Under  these  circum¬ 
stances,  it  is  unlikely  that  using  a  new  model  in  the 
staffing  process  would  yield  much  of  an  improvement  in 
correctly  selecting  applicants.  A  high  base  rate  means  that 
the  cell  probabilities  for  PVP  and  PFN  are  going  to  be 
higher  than  for  PFP  ard  PVN. 

2 .  Selection  Ratio 

Assuming  the  model  is  valid,  the  lower  the  selection 
ratio,  the  more  useful  the  model  will  be  in  identifying 
successful  applicants.  Decreasing  selection  ratios  mean 
tnat  the  organization  can  be  increasingly  selective  in  whom 
it  hires.  Naturally,  it  will  tend  to  accept  only  these  who 
score  highest  on  the  predictor,  those  who  are  also  predicted 
most  lively  to  be  successful.  A  low  selection  ratio  (high 
cut  score)  will  mean  that  PVP  and  PFP  will  be  small.  It 


also  fellows  t.iat  a  lew  selection  ratio  will  yield  a  higher 
success  rate — although  few  people  will  be  hired,  nest  of 
them  wij.1  represent  correct  selection  decisions  (?V P)  . 

C.  E£  (HEATING  1  EE  01I1ITY  CF  A  HCDE1 

The  expected  utility  (EU)  cf  a  model  is  found  by  summing 
the  products  of  each  cell  probability  and  its  associated 
cell  utility  (01,  02,  03  and  04),  and  subtracting  the  cost 
cf  giving  tie  test  to  an  applicant  £UT)  . 

20  =  tl(EVP)  ♦  U  2  ( P  FP)  +  C3(PFN)  +  04  (PVN)  -  0T  (5.1) 

Apperdix  2  contains  detailed  descriptions  on  hew  cell 
probabilities  and  cell  utilities  are  determined.  Fcr  a 
discriminant  model  tie  cell  p rcbabilities  may  be  readily 
derived  from  the  output  of  the  SAS  Discriminant  procedure, 
because  tie  model  classifies  cases  into  predicted  successes 
and  predicted  failures.  In  the  regression  model  the  cut 
score  is  net  known  ir  advance,  so  cell  probabilities  that 
result  from  a  number  cf  possible  cut  scores  are  calculated, 
and  a  cut  score  is  eventually  chosen  based  on  which  set  of 
cell  p ictat ilities  maximizes  the  utility  of  the  model. 

He  formula  for  calculating  the  expected  utility  cf  a 
model  recuires  that  a  utility  be  assigned  to.  each  selection 
outcome.  These  cell  utilities  are  designated  U1  through  U4 
and  are  associated  with  the  outcomes  VP,  FP,  FN  and  VN 
respectively.  The  Billet  Cost  Model  provides  an  estimate  of 
the  cost  to  the  Navy  cf  staffing  a  billet.  In  this  study  it 
is  assumed  that  this  cost  is  egual  to  the  marginal  product 
cf  a  successful  sailer,  and  so  the  utility  of  a  valid  posi¬ 
tive  (Cl)  is  assigned  a  value  of  $24,  163  [Hef.  16].  No 
proven  technigue  exists  for  estimating  the  cell  utilities 
for  the  three  other  selection  outcomes.  Individual 
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circumstances  and  {levailmg  market  conditions  make  it 
difficult  tc  estimate  these  outcomes  with  real  confidence, 
so  these  cell  utilities  were  estimated  relative  to  U1,  and  a 
miner  form  cf  sensitivity  analysis  was  conducted.  Ihe  cell 
utility  cl  a  false  positive  (U2)  was  assigned  values  cf  -.5, 
-1  and  -2.  7alid  negatives  { C4 )  were  assigned  an  egual  and 
opposite  utility  tc  U2,  and  false  negatives  (U3)  were 
assigned  values  cf  0/  -.25  and  -.5.  lable  VIII  shows  seven 
different  sets  of  cell  utilities  that  were  considered. 


T&EIE  VIII 

Relative  Cell  Utilities 
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1.0 

1-  0 

-2.0 

-0.5 

2.  0 

lie  ccst  of  administering  a  test  (UT)  is  of  significance 
if  the  ccst's  of  testing  are  different  for  competing  selec¬ 
tion  strategies.  Ihe  models  developed  in  this  study  use 
data  gathered  from  the  existing  tests,  and  therefore  the 
costs  cf  testing  will  remain  lucn  the  same.  Thus  in  this 
context,  UT  may  be  ignored  since  it  applies  equally  tc  the 
cld  ard  rew  tests. 

I.  B I  £ UI1S  OF  UTILITY  ANALYSIS 

Tables  IX  and  X  certain  the  results  of  the  utility  anal¬ 
ysis  cr  the  regressicr  and  discriminant  models  respectively. 
The  "Percent  Change  in  EU"  column  is  the  result  cf  the 
comparison  cf  the  mcdel's  utility  with  the  utility  cf  the 


Navy's  criginal  selection  strategy  (base  line  utility).  A 
positive  percentage  clange  in  FU  indicates  that  the  maximum 
utility  obtainable  from  the  model  is  higher  than  the  utility 
cf  the  original  selection  strategy.  An  increase  in  utility 
of  say  150  means  that  the  Navy  saves  $50  for  each  selection 
cecisict  (correct  or  incorrect)  that  is  made  by  using  the 
model  rather  than  the  original  strategy.  For  the  ircdels 
kith  the  FbCCTAF  or  TAFMS1  criterion,  the  base  rate  is  .861, 
i.e.,  £6.1  percent  cf  the  people  selected  by  the  Navy  were 
successrul.  These  people  can  be  thought  of  as  the  valid 
tositives  cf  the  original  strategy  and  the  remaining  11.9 
percent  are  false  positives.  (For  tne  SUCCESS2  criterion 
tnese  figures  are  76.8  percent  and  23.3  percent.) 
Gnf or t unate ly  it  is  net  possible  to  calculate  the  values  of 
false  ard  valid  negatives  so  these  are  considered  tc  be 
zero.  For  the  1AFM61  or  SUCCTAF  criterion  then,  the  cell 
Fror abilities  for  the  original  selection  strategy  are  EVP  = 
.861,  PFP  =  .139,  ?  F  N  =  0  and  E V  N  =0.  The  base  line  utility 
for  each  cf  the  three  different  combinations  of  U1  and  'J2 


can  then  be  calculated. 


The  model  utilities  are  then 


compared  tc  these  base  line  utilities  and  the  differences, 
expressed  as  a  percentage  of  the  base  line  utilities,  are 
reported.  Similarly  the  base  success  rate  cf  the  criginal 
strategy  is  also  .861  (for  the  TAFMS1  or  SUCCTAF  criterion). 
The  column  "Change  ir  Succrate"  reports  the  actual  differ¬ 
ence  between  the  models'  success  rates  and  the  base  success 
rates.  The  column  "SEATIO"  shows  tne  selection  ratic  that 
results  when  the  cut  score  is  chosen  so  as  to  maximize  the 
utility,  for  each  set  cf  cell  utilities. 

1 .  regression  Models 

Fcr  most  sets  of  cell  utilities,  the  regression 
models  developed  shew  little  improvement  over  the  criginal 
selection  strategy.  In  most  cases  the  selection  ratio  is 


very  close  to  1  anc  the  percentage  increase  in  expected 
utility  is  very  small.  Inis  is  not  a  surprising  result 
because  the  model  validities  are  relatively  lew  (arcund  .20) 
and,  more  significa rtly ,  the  base  rates  are  very  high  at 
.861  ard  .168.  It  is  interesting  to  note,  however,  that 
when  the  ccsts  cf  a  false  positive  and  the  benefits  or  a 
valid  negative  are  high,  then  the  selection  ratio  is  driven 
down,  and  the  utility  and  success  rate  go  up. 


TAE1E  IX 

Utility  Besults  -  degression  Models 
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Models 

A,  E  and  C 

are  - 

119111  (wher,  U2  is  -0.5),  $17428  (when  U2  is 
-1.0)  and  $  1 40  to  1  (when  UZ  is  -2),  and  ;  he  tase 
success  rate  is  0. 361- 

lie  case  utilities  rcr  Models  D,  E  and  F  are  - 
$15744  (wner  U2  is  -0.5),  $  1293o  (when  U2  is 
-1.0)  and  $7326  (when  U  z  is  -2.0),  and  the  tase 
success  rate  is  U.7b8. 


TAEIE  X 

Gtility  Besults  -  Discriminant  Models 
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Ncte:  lie  base  utilities  for  Models  A,  E  and  C  are  - 
$19112  (when  U2  is  -0.5).  $  17428  (wnen  02  is 
—  1.0)  and  $14061  {when  U2  is  -2),  and  the  lase 
success  rate  is  0.861. 

lie  base  utilities  fcr  Models  D,  E  and  F  are  - 
$  15744  (when  U2  is  -0.5),  $  12938  (wnen  U2  is 
-1-0)  and  $7326  (when  U2  is  -2.0),  and  the  rase 
success  rate  is  0.768. 
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VI.  C0NCIC5ICNS  ANE  BECOMMENDATIONS 


This  study  set  cut  to  provide  a  method  foe  developing 
enlistaert  standards  models  which  improves  upon  similar 
processes  presently  ir  use.  Toward  that  end,  significant 
advances  have  been  made,  particularly  when  compared  to  prior 
studies  conducted  at  the  Naval  Postgraduate  Scnocl.  She 
techniques  used  provide  a  much  more  comprehensive  approach 
to  model  development.  They  employ  regression  analysis  to 
fully  develop  the  stepwise  regression  results.  In  addition, 
stepwise  discriminant  procedures  were  used  to  find  an 
optimal  model  prior  to  full  discriminant  analysis. 
Alternative  criteria  for  measuring  successful  operational 
perf crmarce ,  including  a  continuous  length  of  service 
criterion,  were  incorporated  in  the  models.  Finally,  each 
model  was  anaiymed  using  both  regression  and  discriminant 
analysis  techniques. 

Perhaps  most  significant  is  the  presentation  of  a  means 
ly  which  the  benefits  from  such  efforts  may  be  gauged.  The 
development  of  innovative  utility  analysis  programs  affords 
future  researchers  ar  excellent  opportunity  to  measure  in 
monetary  terms  the  benefits  tc  be  derived  from  implementing 
a  new  selection  strategy.  It  is  important  to  reiterate  that 
the  statistical  and  utility  analysis  techniques  presented  in 
this  study  may  be  easily  applied  or  modified  to  accommodate 
selection  standards  model  development  for  any  of  the  mere 
than  SO  Navy  ratings  contained  in  tne  master  data  base. 

A  secondary  purpose  cf  this  study  was  tc  discover 
whether  the  models  developed  improve  upon  existing  selection 
and  assignment  strategy  for  the  AD  rating.  By  and  large, 
the  models  presented  do  net  appreciably  enhance  the 
processes  used  since  1S76.  The  models  do,  however,  allow 


cue  tc  fccus  on  some  specific  considerations  in  the  current 
screening  processes.  For  example.  Models  A,  B,  and  C  allow 
policy  makers  to  consider  length  or  service  in  months,  and 
to  vary  the  criterion  for  measuring  success.  This  capa¬ 
bility  is  particularly  appropriate  for  use  in  a  dynamic 
recruiting  market. 

A.  E  E  £  CHS 

His  study  yielded  several  ether  results  worth  noting. 
Ihe  term  of  enlistment  variable  may  be  used  tc  predict 
success  now  that  it  has  been  corrected  to  reflect  active 
duty  obligation.  Ibis  is  particularly  important  when 
assessing  Naval  Reservists,  whose  six  year  contract  gener¬ 
ally  reguires  only  three  years  of  active  service.  'Ihe 
change  from  a  negative  to  a  significantly  positive  correla¬ 
tion  cf  1 EEMENLT  on  the  criteria  is  one  of  the  mere  impor¬ 
tant  discoveries  of  this  research  effort. 

This  study  also  determined  that  the  usefulness  of  the 
SCREEN  composite  score  in  predicting  gob  performance  meas¬ 
ures  was  virtually  nonexistent.  It  appears  tc  be  mere 
appropriate  to  use  the  SCREEN  score  components  in  the 
models,  at  least  wher  attempting  to  predict  operational  job 
performance.  N on traditional  ASVA3  subtest  scores,  such  as 
Auto  Information,  may  alsc  be  appropriate  for  use  in  the 
screeting  process.  Another  significant  finding  cf  this 
study  is  the  definite  presence  of  interaction  effects. 


Considering  personal  measures  on  an  individual  ir  conjunc¬ 
tion  with  ether  measures  represents  a  marked  change  in 
current  selection  practices. 

lc  summarize  the  results  of  the  statistical  analysis, 
the  variables  measuring  term  cf  enlistment,  education, 
dependents  status,  sex  and  race  emerged  as  repeatedly 
significant  predictors  cf  successful  operational 
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per  £  cnarc€ .  The  composite  teasure  of  eligibility  for  the 
50  rating,  and  the  ASVAB  Auto  Information  subtest  score, 
were  also  significant  predictor  variables.  In  addition, 
Model  E  was  shown  to  be  the  best  regression  and  discriminant 
model . 

Ihe  results  of  tie  application  of  utility  analysis  stow 
that  the  regression  models  developed  in  this  study  perform 
as  well  as  or  better  than  the  original  Navy  strategy  which 
was  used  as  the  comparison  (base  line  utility).  It  is 
important  tc  note  however,  that  the  methodology  used  in  this 
part  of  tie  study  ensured  that  regression  models  will 
provide  a  maximum  utility  at  least  equal  to  the  base  line 
utility.  This  is  because  the  technique  allows  the  cut  score 
to  be  set  sc  low  that  all  cases  are  accepted.  Models  A  and 
F  are  ccrsicered  tc  be  the  test  of  the  models  because  they 
provide  for  significaxt  increases  in  utility  without  having 
to  rescxt  to  impractically  low  selection  ratios.  Ihe 
discriminant  Models  A  and  £  are  better  than  the  ctners 
because  improvement  ever  base  utility  is  possible,  depending 
cn  the  cell  utilities. 

As  was  mentioned  in  Chapter  V,  the  high  existing  base 
rates  are  an  irdication  that  newly  developed  models  are 
unlikely  tc  produce  superior  results.  Utility  analysis  is 
hindered  by  the  difficulty  cf  confidently  estimating  the 
individual  cell  utilities,  and  this  is  an  area  that  is  in 
need  cf  further  research.  It  is  also  difficult  tc  compare 
new  selection  strategies  to  existing  ones  because  it  is 
impossible  to  classify  the  cases  rejected  by  the  existing 
strategy  as  valid  or  false  negatives.  Data  of  this  sert  can 
cnly  be  citained  t}  testing  ail  applicants  and  then 
accepting  all  of  them,  regardless  of  their  relationship  to 
the  cut  score,  or  to  the  desired  selection  ratio. 
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BECCENENDATICNS 


Despite  the  advacces  made  by  this  study,  there  remains 
iiany  opportunities  tc  refine  the  models  presented  for  the  AD 
rating,  and  to  develop  models  for  ether  Navy  ratines, 
froce durally ,  these  epportunities  include  testing  fer  curvi- 
linearity  cf  the  models,  expanding  the  interaction  terms  to 
three  cr  mere  levels,  and  seeking  different  combinations  of 
ASVAE  suttest  scores  as  potential  predictors.  There  may 
also  be  ether  measures  not  evaluated  by  this  study  that  are 
significant  operational  performance  predictors,  such  as 
enlistment  waivers,  IEP  status,  or  involvement  with  crvrl 
authorities. 

Consideration  should  alsc  be  given  to  altering  the 
criterion  variables.  Cne  particularly  promising  adjustment 
may  he  tc  change  the  criterion  to  reflect  achieving  E-5. 
This  nay  he  appropriate  since  the  models  developed  appear  to 
do  a  tetter  job  of  predicting  longer  LCS,  as  indicated  by 
preliminary  residual  analysis.  Developing  separate  models 
that  yield  predictions  of  shorter  LOS  may  also  be  in  order. 

The  multiple-stage  analytic  approach  referred  tc  in 
Chapter  IV  also  appears  to  be  a  promising  technigue.  Such 
analysis  might  consider  change  in  dependent  status,  perform¬ 
ance  evaluations,  or  advancement  exam  results  as  variables 
in  a  model. 

Tc  improve  the  usefulness  of  utility  analysis  it  is 
important  that  a  technigue  he  developed  to  estimate  cell 
utilities  with  reasonable  accuracy.  Such  a  technigue  needs 
to  be  able  to  control  for  charges  in  the  recruiting  market, 
and  he  sensitive  tc  the  changing  Navy  reguirements  for 
recruits.  It  is  also  important  that  data  be  gathered  on 
applicants  who  are  net  accepted  into  a  particular  ratine,  tc 
allow  researchers  tc  determine  if  they  were  reclassified  to 
another  rating,  cr  rejected  t.  tireiy. 
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Ir  conclusion,  it  is  clear  that  continued  efforts  to 
develop  selection  standards  models  for  ail  ratings  are 
essential.  For  it  is  through  these  efforts  that  the  cost  of 
training  ard  maintaining  Navy  personnel  will  be  reduced. 
The  resultant  experienced  career  force  will  ensure  the  Navy 
is  ready  to  meet  any  global  commitment. 
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APf£NCIX  A 

DATA  EASE  DEVELOPMENT  PHCGBAMS 


This  appendix  provides  the  SAS  programs  used  in  this 
study  tc  access  the  master  data  base,  develop  the  AE  data 
set,  anc  create  new  predictor  and  criterion  variables,  as 
discussed  ic  Chapter  III.  Each  program  contains  the  gob 
ccntrcl  language  information  appropriate  to  tne  Naval 
Postgraduate  School's  IEM  3C33  computer  system.  Statistical 
Analysis  System  (SAS)  statements  are  employ  ed  ir  the 
programs  tc  accomplish  the  desired  functions.  These  SAS 
statements  are  normally  preceded  by  comments  tc  explain 
their  purpose,  the  comments  being  identified  by  an  asterisk. 

Table  XI  cortairs  the  pregram  called  "ASSET UP " .  This 
program  was  used  to  access  the  master  file  and  extract 
informaticr  on  Aviation  Machinist's  Mates  (AD).  (The  master 
file  tape,  originally  called  "ENLIST",  has  recently  teen 
revised  and  relabeled  "NPS709"-)  The  data  file  created  by 
this  program  is  called  "ADDATA",  and  it  contains  the  initial 
243  variables  from  the  master  file.  Also  provided  in  the 
program  are  the  variable  names  and  labels.  Ihe  program  may 
be  used  to  extract  data  from  the  master  file  fer  any  of 
approximately  90  Navy  ratings  simply  by  entering  the  appro¬ 
priate  abbreviation  and  four  digit  code  for  the  selected 
ratine. 

Table  XII  provides  the  program  called  "ADSCEEEN"  that 
was  used  tc  screen  the  data  extracted  from  the  master  file. 
These  screens  were  performed  cn  observations  in  the  "AEEATA'' 
file,  and  the  results  were  placed  in  a  file  called 
"ADSLESE1".  Because  of  the  large  number  of  cases  and  vari¬ 
ables  in  the  data,  sufficient  computing  work  space  was  not 
available.  Therefore.  the  SAS  KEEP  statement  was  used  to 
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retain  116  of  the  initial  variables  for  analysis, 
felt  these  116  variables  captured  all  the  desired  measures 
on  the  observations  that  would  be  required  for  analysis. 
The  last  screen  was  ircorpo rated  following  frequency  distri¬ 
bution  analysis  to  remove  cases  that  bad  aberrant  cr  impos¬ 
sible  data  associated  with  then. 

Table  XIII  contains  the  program  called  "ADNEW VAE".  Ibis 
program  was  employed  to  create  new  predictor  and  criterion 
variables,  as  discussed  in  Chapter  III.  The  prcgran  used 
infornaticn  on  observations  in  the  "ADStJBSET"  data  file  to 
create  the  new  variables,  and  placed  the  results  cf  these 
operations  in  a  file  called  "ADALLh".  This  file  thus 
constitutes  the  AD  data  set  referred  to  throughout  this 
study.  It  contains  ail  of  the  selected  and  created  vari¬ 
ables  that  provide  information  on  the  2820  ADs  who  remained 
in  the  data  set  after  all  screens  were  accomplished.  It  is 
this  file  that  was  used  to  conduct  the  statistical  analysis 
for  this  study. 

The  "AEKEWVAB"  program  lists  all  created  variable  names 
and  labels.  It  also  contains  the  SAS  statements  that 
converted  several  gualitative  variables  to  numeric  variables 
cr  dichctcircus  (0,1)  variables.  Finally,  the  program  shews 
the  SAE  statement  used  to  split  the  AD  data  set  into  the  two 
uniformly  distributed  random  samples  (&ANDA111).  These 
derivation  and  validation  samples  were  used  during  regres¬ 
sion  and  discriminant  model  development  described  in  Chapter 
IV. 


60 


T ABIE  II 

Progran  to  Extract  lata  from  the  Master  File 


//ADIATA  JC £  (2807,0110) ,'D  CSLUND,  SMC  17 63 ' ,CL A SS  =  K 
//♦MAIN  CRG=NPGVM1 . 26C7P 
//  EXEC  S AS 

//SAS.WCFK  ED  SP  ACE=  JC  YL  ,  { 1  2 , 4 )) 

//FI1EIN  EE  UNI1=34CC-5.V0I=SFR=ZN1ISX, 

//  E1SF=CIE,DSN=ENIST. AIL.  A7678 

//FI1ECUT  EE  0 NII=3 3 5G V, MSV GP=PUB43 , DIS?=  (NEW, CAI1G, DELETE)  , 
//  ESK=MSS.S28C7. ADDA IA, 

//  ICB= (ELKS 3  21  =  640  0) 

//S Y S IN  EE  ♦ 

CPTICNS  IS  s  60  NOCZNTER; 


EATA  FIIECUT.ADDATA; 


♦  THIS  ERCGRAM  EXI2 ACTS  NEAEIY  All  THE  V ARIA3LES  FROM  TEE 
MASTER  FIXE,  AND  WRITES  OBT  A  FIXE  TO  MASS  STORAGE 
WHICH  CONTAINS  All  THESE  VARIABLES  FOR  All  CASES  WHICH 
HAE  ANYTHING  TC  DC  WITH  THE  'AD'  RAXING.  ; 


INFIIE  FIIEIN; 
INEUT 


z 

5 

CENSCSEG 

PI  El .  2 

6 

CENSCSDS 

PIB  1. 

a) 

7 

HOMEZIP 

PIB5. 

a 

10 

EEESTATE 

PI  El .  a 

1 1 

DATEDETY 

PIB1. 

a) 

12 

IATEDETM 

PIB  1. 

a 

13 

EIRTKYE 

PI  El .  2 

14 

3IRIHMTH 

PIB  1. 

2 

15 

BIRTHDAY 

PIB  1. 

a 

16 

ENTFYAGE 

PI  El .  2 

17 

RECCRDID 

PIB  1 . 

2 

18 

HYEC 

E  IE  1 . 

2 

19 

SEX 

PI  El .  2 

20 

RACE 

PIB  1 . 

2 

21 

ETHNIC 

FI31. 

a 

22 

RACEETEN 

PIE1 .  2 

23 

MRTLDPND 

PIB  1 . 

2 

24 

TESTFCRM 

PIB  1. 

a 

25 

AFCTPCNT 

PI  El .  2 

26 

AFOTGBPS 

PIB  1 . 

2 

27 

ASVAEGI 

P  IB  1 . 

2 

28 

ASVAENC 

PIE1 .  a 

29 

AS  VAEAD 

PIB  1 . 

2 

30 

ASVABWK 

PI31. 

a 

31 

ASVAEAR 

PIE  1 .  a 

32 

ASVAESP 

PIB  1. 

2 

33 

ASVAEMK 

PIE  1. 

a 

34 

ASVAEE3 

PIE1.  a 

35 

ASVAEMC 

PIB  1 . 

2 

36 

ASVAEGS 

PIE  1. 

a 

37 

ASVAESI 

PI  El  .  a 

38 

AS  VAEAI 

PIB  1. 

2 

39 

SER  V  ACCS 

P  IE  1. 

a 

40 

PRICESRV 

PI  El .  2 

41 

POI 

PIB  1 . 

2 

42 

HES 

PIE  1. 

5 

43 

AS  V  ABC  M 

PI  El .  2 

44 

AS  VAECA 

PIB  1 . 

2 

45 

ASVAECE 

PIE  1. 

a 

46 

ASVAECC 

PIE1.  2 

47 

ENTRYSTA 

PIB  1 . 

2 

48 

HEIGHT 

PIE  1- 

a 

49 

WEIGHT 

PI  El .  2 

50 

SYSTCIBP 

PIB  1. 

2 

51 

DIASTIEP 

P  IB  1. 

i 

52 

CEEFAII1 

PI  El .  2 

53 

MEDFAII2 

PIB  1 . 

2 

54 

MEDFAIL3 

P  IE  1. 

a 

55 

WAIVER 

PI  El .  2 

56 

WAIVERAI 

PIB  1 . 

2 

57 

EXAMSIAT 

P  IE  1 . 

a 

58 

EKTIYYR 

PI E 1 .  2 

61 

TER ME NIT 

PI31. 

2 

62 

ENTRPA  YG 

PIE  1. 

a 

59 

ENTEYMTH 

PI  El .  2 

60 

ENTRYDAY 

PI31. 

a 

63 

ECMECNTY 

PIE2.  2 

65 

PROGENII 

PIB  5. 

2 

72 

AFEESSI A 

PIB  1. 

a 

73 

EC  NCSCPT 

PI E 1 .  2 

74 

ENISTCPT 

PIB  1. 

2 

75 

YOUTHEEG 

PIB  1. 

a 

78 

TAFIE ATE 

PI E 1 .  2 

81 

THENISCS 

PIB  5. 

2 

86 

TAFMS1 

P  IE  2. 

a 

88 

EPCC1 

PI  12.  2 

90 

DDCC1 

PIB2. 

2 

92 

HYEC  1 

PI31- 

2 

93 

FAYGRDE1 

PI  El .  5 

94 

SERVICE  1 

PIB  1 . 

2 

95 

MBTSTAT 1 

P  IE  1. 

a 

96 

ED  t  RE  NT  1 

PI  El.  a 

97 

SP  NSED1 

PIB3 . 

21  00 

ISC1 

P1B1- 

2101 

SEPRT1 Yfi 

PIE1.  2102 

SERB! 1MT 

PIB  1. 

2103 

SEPRT ID Y 

P  IE  1. 

a  104 

EASE1  YR 

PI  El .  5105 

BASD1BTH 

PIB  1. 

2106 

BASD ID AY 

PIS  1. 

2107 

E  IS  1  YE  AE 

Pill.  2108 

ETS  1MNTH 

PIB  1. 

2109 

ECIE1 YB 

PI E 1 .  2110 

DOIE1MTH 

PIB  1. 

a 

113 

EEEE1YE 

PI E 1 .  2114 

PEED1MTK 

PIB  1. 

21  15 

PE3D1DAY 

P  IE  1 . 

2111 

CHARSRV1 

? IE  1 .  2 

112 

EL  G  R  E  0  P  1 

PIB  1. 

2116 

EIIEF1G1 

PIE2.  5 

113 

TA  F  MS  2 

PIB2. 

2120 

EECC2 

PIE2.  2122 

DDCC2 

PI32. 

2124 

EYEC2 

PIB  1. 

2 

125 

FAYGREE2 

PIE1.  2 

126 

SEE VICE2 

PIB  1. 

2127 

MRTSTAI2 

PIE  1. 

2128 

NDPNDN12 

PI  El .  a 

129 

SP  NSPD2 

PIB3. 

2132 

ISC  2 

PIE  1. 

2133 

SEFFT2 YR 

PI E 1 .  a 

134 

SEPRT2MT 

PIB  1. 

2135 

SEPRT2DY 

PIE  1. 

2136 

EASE2YR 

PI  El.  a 

137 

3A SD2MTH 

PIB  1. 

2133 

EASD2DAY 

PIE  1. 

2139 

ETS2YEAR 

PI  El .  5140 

ETS2MNTH 

PIB  1 . 

2141 

ECIE2YR 

PI E 1 .  2142 

DOIE2MTH 

PIB  1. 

2145 

EEEE2YR 

P IE  1 .  2146 

PEED2MTH 

PIB  1. 

2147 

EEBD2DAY 

P  IE  1 . 

2143 

CBAESR  V 2 

PIE1.  a 

144 

ELGREUP2 

PIB  1. 
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2148  IIIEFIG2  PIE2.  2150  IAEMS3  ?IB1. 

2151  TAFi!S4  PI  El  .  2152  DPCC3  PIB2.  2)154  DDOE  3  PIE2. 

2156  EYZC3  PIE1.  2157  PAYGEEE3  PIBl.  2158  SER V ICE 3  PIB1. 

2159  £F 1  SI  A 13  PIE1.  2160  NDPNDNT3  PIBl.  2161  SPNSPD3  FIE3. 

2165  SEFET3YR  PIE1.  2  166  SEPRI3MT  PIBl.  2167  SEPRT3DY  FIE1. 

2168  EASE3YE  PIE1.  2169  3ASE3CTH  PIBl.  2170  EASD3DAY  PIE1. 

2171  EIS3 Y E  AR  PIE1.  2172  ETS3MNIH  PIBl. 

2173  ECLE3YE  PIE1.  2174  DOLE3M1H  PIBl. 

2177  PEEE3YE  PIE1.  2178  PEED3  MIH  PIBl.  2179  PE3D3EA Y  PIBl. 

2164  I  SC  3  PI E 1 . 

2175  CHAESEV3  PIE1. 

2176  ELGEE0P3  PIE1.  2180  FIIEFIG3  PIB2. 

2132  FIIEMICH  PIE4.  2186  DO  £ YEEEP  PIBl.  2187  EQEMIDEP  PIBl. 

2188  HSIESDEP  PIE1.  2189  SPELGML  PIBl. 

2190  ICPGYE  PI E 1 .  2191  DC  FGM  NIH  PIBl. 

2212  GCI  2.  2214  AS  I  2.  2216  MEC H  2. 

2218  Cl E F  2.  2220  AFQIS  2.  2222  FNEC  $4. 

2227  CI2NSH1P  SI. 

2229  PEI EEP  ND  31.  2230  SECDEPND  $  1.  2231  ERCL  32. 

2233  GECUFIKD  SI.  2234  AU I  BE  AT  E  34.  2240  EDPGYE  34. 

2244  SCHICCEE  21.  2245  SCBIWVE  3  1.  2246  ASTAE  3  1. 

2247  TSS1NE  31.  2250  PRESEATE  34. 

2254  NUMFG1  $1.  2255  PfiEIAESV  33.  2258  EXAM BATE  34. 

2262  NUMFG2  SI.  2263  EXETAERV  33.  2266  ICILEAK  3. 

2269  STEKAVY  2.  2272  PRCODE  32.  2274  ALTPRCDE  32. 

2276  FI3IEDIT  5.  2281  FN  MIT  CUT  5.  2287  PEF  FACTE  3. 

2290  A  (i  I  FACTE  2.  2292  CHNGEATE  31. 

2296  EAIEINE  SI.  2297  SPFHCIND  31.  2 298  I YPENLSI  32. 

230  1  KCDES1  31  .  2302  NE  NLSTMT  1. 

2303  EACS  YYMMEE6 .  2309  TA S  34.  3313  CAS  34. 

2317  ICSCCDE  31.  2318  LOSiiVfi  31.  2319  SIPG  34. 

2323  TIES VR  SI.  2324  TIB  34. 

2336  AE EE  YYMMDE6 .  2543  ED PG  YYMMDD6.  3349  DTIS  3. 

2352  EECFOEES  1.  2556  NCHANGES  3.  2384  AGE  2. 

2386  NHRCGC 1  2.  2588  NHRCAFCT  2.  2390  MENIIGRF  3  1. 

2391  EDCEET IF  31.  2592  MO  ELDS  GN  31.  3394  EYNDPND1  2. 

2396  G  £  P  4PECG  32.  2598  SSEOTY  31.  3399  REGEESEV  3  1. 

2400  EYPAYGED  SI.  2401  NOTEC  MD  3  1.  5)402  SSNCHNGE  31. 

2403  TCTPPCMO  2.  2405  IOTIDEMC  1.  3406  10TLAE0I  1. 

2407  1CTEESET  1.  2408  TO  TKIICN  1.  2409  TOTCVICN  1. 

2412  ISG1HSFV  S4.  2416  SCREEN  2.  3418  AIIRIICE  31. 

2419  EECN1C  31.  2420  RECENIST  32.  3422  EECPRCGM  31. 

2423  EECPEGSC  32.  2425  RCPGSCR1  $4.  3435  ELSTHIST  31. 

2436  NEAYSE2  4.  2440  NDAYSE3  4.  2444  NDAYSE4  4. 

2449  IMECEATE  33.  2452  DM  DC NIC  34.  2456  DMDCUIC  36. 

2462  CCNVEATE  YYMMDE6.  3468  GRAEDAIE  YYMMED6. 

2474  TEANEATE  YYMMDD6. 

2480  EAENNIC  $4.  2484  TRAININD  31.  2)485  STACIICN  3  1.; 


IAB  El 

CENSOSBG=CENSUS  REGION  (10  COEES) 

CENSC£IS=CENSUS  DISTRICT  (5  CODES) 

ROME ZIP  =  HCKE  OF  RECCED  ZIP  CCEE 
EMES I AT  E  =  HC  f!E  OF  RECCFE — ST  ATE 

IATEI ET  Y  =  YE  AR  OF  FINAI  QUALIFYING  DETERMINATION 
LATlLll E-ttC NTH  OF  FINAL  QUALIFYING  DEIEBMI NAT  ION 
EIB1BYR  = YE  AR  OF  BIRTE 


EIR'IH  tl  H  =  MC  NTH  OF  EIB1H 
EIR 1HI A  Y  =  £  A  Y  OF  EIRTt 

FNT R  Y  AG  1  =  AG  £  OF  INDIVIDUAL  AT  TIME  OF  ENTRY 

RECCE EID  =  EECORD  ID — E  A  AM  SCCEE,  EEP,  ACTIVE  DUTY 

EYEC  =HIGHEST  YEAR  OE  EDCCAIICN 

SEX  =  (1)  MALE,  (2)  FEMALE 

EACE  =(1[  WHITE.  (5)  BLACK.  (3)  CTHEE 

ETHNIC  =1 NIIVI D UAL’  *S  REPORTED  ETHNIC  STATUS 


EACEET  £N  =  SIX  RACE-ETHNIC  COMBINATIONS 


ERTL  DP  N E  =  M ABIT  AL  STATUS/DEP INDENTS 

TES 1 ICE M  =  TEST  FOSM/ECE A, AS V A E, AF H ST, AFQ1 ,OSE. .. 

AFQIFC»1=AFQT  PEECENTILE  (OE  EQUIVALENT) 


AFQTGBR S 

ASVA  EGI 

ASVAENC 

ASVAEAL 

ASVAEKK 

ASVAr A£ 

ASVA  E  £P 

ASVAECK 

AS  V  A  E  El 

AS7A  EMC 

ASVAEGE 

ASVAESI 

ASVAEAI 

SERVACCS 

PRICBSF V 

PUL 

EES 

ASVAECM 
AS VA  EC  A 
ASVAECE 
AS VA  ECC 
ENTS  1  El  A 
EEIGE1 
WEIGHT 
SYS1CIEP 
IIASIIE  P 
CEDE  A  111 
MEDFAII2 
BEDFAII3 
WAIVER 
WAIVEFAL 
EX A MSI A 1 
TZRMEMI 
ENTRFA  YG 
EOMECM  Y 
FROGE  Ml 
AEZESSTA 
ECNUSCPI 
ENLSICFI 
YCUIHPRG 
TAPE! ATE 
TRENT  MCE 
TAFMS  1 
EEOC  1 
EEOC  1 
HYEC  1 
FAYGRLE1 
SERVICE1 
MRTSIA1 1 
NDFNI  Ml 
SEN  S  EE  1 
ISC1 

SEPRT  1  Yfi 
SEPfiT  1MT 
SEPRT  II  Y 
EASE  1  YE 
E ASD  1  ETH 
EASD  IE  A  Y 
ETSIYIAfi 
ETS1  MiiTH 
CHAR  S  £  V  1 
ELGREUF  1 
EEED  1  YE 
EE3E1CTK 
EEBE  1  [  A  Y 
ENTRY Y£ 
ENIR  Y  CT  n 
E NTH  YE  A  Y 
SEPRT  1  YE 


A  R  QI  GROUPS  (5,4C,4E,4A,33,3A,2,1) 

A  S  V  A3  AETITCIE  AREA  SCORE — SJ3SCA1Z 


A S  V A3  AETITCIE  AREA  SCORE — SUBSCAIE  GI 
ASVA3  APIIT DEE  AREA  SCORE — SUBSCAIE  NO 
ASVAB  AETITIEE  AREA  SCCEE — SUBSCALE  AD 
A S  V A3  AETITCIE  AREA  SCCEE — SU3SCA1Z  *K 
ASVA3  APTIT  CEE  AREA  SCORE — S  U3SCAIE  AR 
AS  V  A3  AETITCIE  AREA  SCORE — SUBSCAIE  SP 
ASVAB  AETITCIE  AREA  SCORE — SUBSCAIE  MK 
ASVA3  AETITCIE  AREA  SCORE — SUBSCAIE  El 
ASVAB  AETITCIE  AREA  SCORE — SU3SCAIE  MC 
ASVA3  AETITCIE  AREA  SCORE — SUBSCAIE  GS 
ASVAB  AETITCIE  AREA  SCORE — SUBSCAIE  SI 
ASVA3  AETITCIE  AREA  SCORE — SU3SCAIZ  AI 
SE57ICE  OF  ACCESSION  {NAVY, 2) 

ERIOR  SERVICE  (NON-PRIOR  SERVICE,  1) 

GEN.  HEAITH,  UPPER  S  ICWER  EXTREMITIES 
EEAEING,  VISION,  PSYCHIATRIC  W EII-BEING 
ASVAB  APTITCEE  AREA  SCORE — SUBSCAIE  CM 
ASVAB  APTITCEE  AREA  SCORE — SUBSCAIE  CA 
ASVAB  APTITCEE  AREA  SCORE — SUBSCAIE  CE 
ASVAB  APTIT  DIE  AREA  SCORE — SUBSCAIE  CC 
ENTRY  STATUS  (1, DIRECT  TO  ACTIVE  DUTY) 

£ EIGHT  IN  INCHES  (ERACIICNS  DROPPED) 


APTIT  Cl  £ 
APTITCEE 
APTITCEE 
APTITCEE 
APTITCEE 
APTITCEE 
APTITCIE 
APTIT  DIE 
APTITCIE 
APTITCIE 
APTITCIE 
APTITCIE 


AREA 

AREA 

AREA 

AREA 

AREA 

AREA 

AREA 

AREA 

AREA 

AREA 

AREA 

AREA 


AS  VA3 
ASVAB 
ASVAB 
ENTRY 
t  EIGHT 


ERACIICNS  DROPPED) 


£ EIGHT  IN  INCHES  (ERACIICNS  DROPPED) 
WEIGHT  IN  PC  ENDS  f FRACTIONS  ROUNDED) 
EICCD  PFESSCRE — SYSTCIIC 
El  CCD  PRESSCBE— DI  ASTCLIC 
PRIMARY  MEDICALLY  EIS  QU  ALIFYING  DEFECT 
SECONDARY  MIIICALLY  DISQUALIFYING  DEFEd 
TEETIAR  Y  ME  EICALLY  DISQUALIFYING  DEFECT 
PERMIT  CODE  ECR  AN  OTHERWISE  IN ELIGIELE 
WAIVER  aPPRCVAL  LEVEL  AND  EXPLANATION 
EXAMINATION  STATUS  (1. FULLY  QUALIFIED) 
TERM  OF  ENLISTMENT  (NC.  OF  YEARS) 

ENTRY  PAY  GRADE  (E00 — 01l[ 

HCME  OF  RECCRE  C0UNTY--FIPS 
ERCGR AM  ENLISTED  FCR — SERVICE  UNICUE 
MILITARY  ENTRANCE  PROCESSING  STATIONS 
ECKUS  OPTION.  CCMBAT  CR  NON-COMBAI 
E NILS I MEN  I  OPTION 

YOUTH  £  RESERVE  TRAINING  PROGRAMS 

BC  NTH  OE  FI IE  ON  WHICH  RECORD  SUBMITTED 

CCCUP.  SPECIAL. /RATING  CHOICE  UPON  ENTRY 

MCNIHS  CF  TCTL.  ACTIVE  FED.  MIIIT.  SERV. 

D.C.D.  PRIMARY  OCCUPAIICN  CODE 

C-C-D.  DUTY  CCCUPAIICN  CODE 

HIGHEST  YEAR  CE  EDUCATION 

PAY  GRADE  AS-Of-DA  TE-CF-FILE/SEPAfiATION 

SERVICE  CODE  (2,  NAVY1 

MARITAL  STATES  (1.CIHER,  2, MARRIED) 

NUMBER  CE  DEPENDENTS  (1,  NONE) 

SEPARATION  PROGRAM  DESIGNATOR 
INTER-SERVICE  SEPARATION  CODE 
YEAR  OF  SEPARATION  (2ND  DM DC  SECTION) 
MONTH  CE  SEPARATION  (2ND  DMDC  SECTION) 
LAY  OF  SEPARATION  (2ND  DMDC  SECTION) 

YEAR  OF  ACTIVE  DUTY  EASE  DATE 

MONTH  OE  ACTIVE  DOTY  EASE  DATE 

DAY  OF  ACTIVE  DUTY  EASE  DATE 

ESTIMATED  YEAR  OF  F UI RILLED  ACTIVE  DUTY 

ESTIMATED  MC  NTH  OF  FULFILLED  ACTIVE  DUTY 

CHARACTER  OF  SERVICE 

REENLISTMENT  ELIGIEIIITY 

YEAR  OF  PAY  ENTRY  EASE  DATE 

MONTH  OE  PAY  ENTRY  EASE  DATE 

DAY  OF  PAY  ENTRY  BASE  DA  IE 

YEAR  Cr  ENTRY  TO  ACII V  E/D.  E.  P. 

MC  NTH  Of  ENTRY  TO  ACT IVE/D- E. P. 

LAY  OF  ENTRY  TC  AC  II V  1/  D  .  E.  P . 

YEAR  OF  SEPARATION  (2ND  DMDC  SECTION) 


€ 


£  EP  E 1  1 M  T  =  MC  N  TH  Of  SEP ARAIIO  N  (2ND  DdDC  SECTION) 
SEPHT  IE  Y=E  A  Y  Of  SEPARATION  (2ND  EMDC  SECTION) 

EASE  1  if  =  Y  E  A  E  Of  ACTIVE  DUTY  EASE  DATE 

EASE  1  £TE  =  iviC  NTH  Of  ACTIVE  DUTY  EASE  DATE 

EASE1I/Y=EAY  OF  ACTIVf  DUTY  EASE  EATE 

ETS  1  YE  A£=ESHMATED  YEAR  Of  F  U I  f  TILED  ACTIVE  DUTY 

ElSlHMK  =  £STId  ATFD  MCMH  Of  FUIFILLED  ACTIVE  DUTY 

FEED  1  Y  F  =  Y  E  AR  Of  PAY  ENTRY  EASE  DATE 

PE3D  mR  =  aCNTH  Of  PAY  ENTRY  EASE  DATE 

PE3D1IAY=EAY  Of  PAY  ENTRY  BASE  DATE 

FILEEIG  1=f IIZ  fLAG  NC.  1 

F E  ED  2  YE  =  Y  £  A  R  Of  PAY  ENIRY  EASE  EATE 

PE3D2  CT  ti  =  MC  MH  Of  PAY  ENTRY  EASE  DATE 

rE3E2IAY=EAY  OF  FAY  ENTRY  BASE  DATE 

SEPRT  2  Y  E  =  Y  E  Afi  Of  SEPARATION  (3  fi  E  DdDC  SECTION) 

SZPR1 2d  I  =  MC NTH  Of  SEPARATION  (ERE  DdDC  SECTION) 

SEPR  T  2£  Y  =  £  A  Y  Of  SEPARATION  (3t.L  DdDC  SECTICN) 

EA5E2YF  =  YE  AR  Of  ACTIVE  DUTY  EASE  DATE 

EASD  2  Ml h  =  MC  NTH  Of  ACTIVE  DUTY  EASE  DA  IE 

E ASD2 I  A  Y  =  E  A  Y  OF  ACTIVE  DUTY  EASE  EATE 

ETS2 Y f AR=ESTIdATED  YEAR  Of  FUIfllLED  ACTIVE  DUTY 

ET  52  d  N 1 E  =  ES lid  AT  ED  MONTH  OF  FULFILLED  ACTIVE  DUTY 

FEBD2YR  = YE  AR  OF  PAY  ENIRY  EASE  DATE 

FE3D2£TH  =  MC  NIH  Of  PAY  ENIRY  EASE  DATE 

FE3D  21 A  Y  =  £A  Y  OF  PAY  ENTRY  BASE  DATE 

TAFMS2  =MC  NTHS  CF  TOIL.  ACTIVE  FED-  dlLII.  SERV. 

EPOC2  =E-C.D.  PRIMARY  OCCOPATICN  CODE 

EDOC2  =D-C.D.  EUTY  OCCUPATION  CODE 

HYEC2  =HIGHEST  YEAR  OF  EDUCATION 

PAYGREE2  =  EA  Y  GRADE  A S-Cf -DA  1 E- C F -f ILE/S E ? A R AT  ION 

SERVICE2  =  Sf RVICE  CODE  (2,  NAVY) 

£RTSIAT2=M ARITAL  STATES  (I.CTErE,  2, MARRIED) 
NDPNDNT2=NUMBER  CF  DFFFNDENTS  (1,  NONE) 

SPNSPD2  =£EPAR ATIO  N  ERCGRAM  DESIGNATOR 

ISC 2  =INTER-SERVICf  SEPARATION  CODE 

CHAR£EV2=CEAEACTER  OF  SERVICE 

fLGRECP 2 =R£ ENLISTMENT  ELIGIBILITY 

fILEf  IG2  =  F  HE  fLAG  NC-  2 

PEBD3YR  =  Y  E  AR  OF  PAY  f NTEY  EASE  DATE 

F  EBD  3  £T  h  =  MC  NTH  OF  PAY  ENTRY  EASE  DATE 

FEBD3 1  A  Y  =  E  A  Y  OF  PAY  ENTRY  BASE  DATE 

SEPR T 2  YE  =  Y  E  AR  OF  SEPARATION  (41H  DdDC  SECTICN) 

£ZP£I2MT  =  KCNIH  OF  SEEAEATIO  N  (  4T H  DdDC  SECTION) 

£E?RT2DY=CAY  OF  SEPARATION  (4TB  DdDC  SECTICN) 

EASE  2  YR  =  Y  E  AR  CF  ACTIVE  DUTY  EASE  DATE 

EASD3  £IH  =  dC  NTH  OF  ACTIVE  DUTY  EASE  DA  I  £ 

EASE2IAY=CAY  OF  ACTIVF  DUTY  EASE  DATE 

FIS3  Y  £ A B-ES lid AT  ID  YEAR  OF  F  UI F IDLED  ACTIVE  DUTY 

FTS3d  NTH  =  ESTId  A I  ED  MONTH  OF  EUIFILLED  ACTIVE  DUTY 

FEBD2YR  =  Y  E  A  R  OF  PAY  FNTEY  E AS  F  DATE 

PE3D2  MT  H  =  MC  NTH  OF  PAY  ENTRY  EASE  DA  IE 

PE3D3IA Y=DA Y  OF  PAY  ENTRY  BASE  DATE 

TAFdSZ  =MCNTHS  CF  ICTL.  ACTIVE  FED.  MIIIT.  SERV. 

TAFMS4  =  d  C  NTH  S  CF  TC1L.  ACTIVE  FED.  MIL  IT .  SERV. 

IPOC3  =  C - C- D -  FRIMAFY  OCCOPATICN  CODE 

DDOC3  =D.C.D.  DUTY  CCCUPATICN  CODE 

HYSC2  =HIGHSST  YEAR  OF  EDUCATION 

FAYGE£E3=PA Y  GRADE  AS-CF-DAI E-Cf-FILE/SEPARAIION 

SERVICF3=SERVICE  CODE  12,  NAVY) 

£RTSTAI3=M ARITAL  STATES  (I.CTfccE,  2, HARRIED) 
NDPN£NT3  =  N0  dBER  CF  D  FF  INDENTS  (1,  NONE) 

SPNSFD3  =S  E  EAR AT  10  N  IFCGRAM  DESIGNATOR 
ISC 3  =INIZR-SERVICI  SEPARATION  CODE 
CHAR£RV3  =  CF. ARACTER  OF  SERVICE 
ELG  R  E  £  F  3  =  F.  E  Z  NLI S  TM  E  N  T  EL  IG  IE  II 1 1  Y 
F IL  E  F  1  G  2  =  F  HE  FLAG  NC.  3 

FIL£MICri  =  4-E  YTE  EINAFY  FILS  MATCH  INDICATORS 
ECEYF£FP=DCE  YEAR  INTO  D.E.  F. 

£CEMT£EP=DCE  MONTH  INTC  D.E.P. 
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KNTHSD£?=MCNTHS  IN  D.E.P. 

SPFIGi!!  =  SP  ANISH  FLAG  MASTER/ICSS 
DCP  GM  NT  H  =  MC  NTH  Of  DCPG 
DC  ?G Y E  =  YEAR  OF  DCPG 
GCT  =  E  A  SIC  BATTERY  GCT 

API  =EA£IC  BATTERY  ARI 

MICE  =  E  ASIC  BATTERY  MECH 

CLEE  =EASIC  BAIT  EE  Y  CIEfi 

ENEC  =  NA  VY  ENIISIEI  JOB  CODE 

CTZNSEIP=CITIZENSHIP  CODE 
EECL  =  BRANCH/ CL  ASS 

GEOUEINB=GECUP  INDICATOR 
AUTKEATI=AUTHORIZED  BATE  fAEEE.) 

EDPGYE  =EfFECTIVE  BATE  CF  PAY  GEADE 
SCH1CCDE=SCEC0L  CODE 
SCHL Si  VE  =SCECOI  fclAIV  Ef 
PSESE ATE=?E£SENT  HAIE  CODE 
PEEIAEE V  =  £E£SENT  HAIE  (AE3E.) 

EXAMR  AT  E=EX AMI NATION  BATE  CCDE 
EXRIAFRV=EXAMI NATION  BATE  (ABEE-) 

TCTLEAK  =  TOTAL  RAW  SCCEE 

SIDNAVY  =ST  AND AH  EIZ  E I  NAVY  SCCEE 

PECO  I E  =PECCESS  CODE 

ALTP ECEE=AITEHNATE  PECCESS  CCDE 

FINE K Cl I=C ANDIDATE' * S  FINAL  MUITIPLE 

FNMLTCOT=FINAL  MCLIIP1E  CUT 

PRFFACTE=PEEFORMANCE  FACTOR 

AWIF  ACTE  =  AhI  FACTOR 

CHNGE ATE=CEANGE  OF  RATE  INDICATOR 

NENLSTi!I  =  NUMBEB  CF  E  HISTME  NTS 

I AOS  =EXPIRATION  CF  ACTIVE  CBLIGAT ED  SERVICE 

TAS  =  TC  TAL  ACTIVE  SERVICE 

CAS  -CIEER  ACTIVE  SERVICE 

SIPG  =  S  E  R  VIC  E  IN  PAY  GRADE 

IOSC  C I E  =IE  NGTH  CF  SERVICE 

ICS  W  V  E  =LE  NGTH  CF  SERVICE  WAIVER 

TIRWVB  =T THE  IN  RATE  WAIVER 

TIR  =TIEE  IN  RATI 

ACBD  =AC TIV E  DUTY  EASE  DATE 

ED? G  ^EFFECTIVE  BATE  OF  PAY  GRADE 

ETIS  =DE ILL  TIME  IN  SERVICE 

NCH A  N G  ES  =  NU  EBER  CF  CKANGES/ ENTRIES  IN  NHRC  FILE 
AGE  =C ANDIDATE* ' S  CURRENT  AGE 

NHRCGCT  =N  EEC  FIIE,'S  GENRL.  CIASSIFICAIION  TEST 
NHRCAFQ1=NHEC  FIiE*'S  ARMED  FCECES  QUALIFY.  TEST 
EENTIGE£=HENTAL  GROUP  CODE 
E  DC  E  E  T I  E  =  E  D  CC  A  T I  ON  CERTIFICATE 
KQ3LBSG  N=MIIITAE Y  OEIIGATION  DESIGNATOR 
EYNDENDT=EIGHEST  NUMEFE  CF  PRIMARY  DEPENDENTS 
GEP4PBCG  =  GECUP  IV  { 1 0 OK)  PROGRAM  CODE 
SSDUTY  =SFA-SHOEE  DDTY  INDICATOR 
EEGEESE V=EEGULAE  RESERVE  INDICATOR 
HYPAYCED=E1GHEST  PAY  GEADE 

NOT  EC  JUD  =  NC  T  REC  CM  MENDED  FOE  EE-ENLIS  TMENT 

SSNC  E  NG  E  =  S OCTAL  SEC U E 1 1 Y/N A M E  CHANGE 

TCT?ECMC=TCTAL  PEOMOTICNS 

TOTLB£MC=TCTAL  DEMOTICNS 

TOT1A  fcCI  =  TC  TAD  UA/AJiCI 

TCTD  E  S  B T  =  TC  TAL  DESERTIONS 

TOT  MI TC  N  =TC  T AL  MILITAFY  CONFINEMENTS 

TGTC VICN=TCTAL  CIVILIAN  CONFINEMENTS 

INGTKSEV=1E  NGTH  CF  SERVICE 

SCREEN  =SC  EEEN  SCORE 

ATTEI1CD=AT  TRI TICN  INDICATOR 

EECNTC  =R  ECRU  I T  NAVAI  TRAINING  COMMAND 

RECENIS1=EECRUIT  TYPE  ENLISTMENT 

FECPRCGM  =  EECRUIT  PROGFAM  AT  ENIISTMEN  T 

BECPRGSC=R£CRUIT  PRCGRAM/SC ECCI 

ECPGSCB  1=RECRUIT  PRO  GRAM/SC  HOC  I  RATE 
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ELSIHIS I=ENIISIZD  HI £1  CRY  STATUS 

NDA  Y  S 12  =  CClvPUTEE  N  0  £  Z  ZR  OF  DAYS  10  E-2  EATING 

NDAYSI3  =  CC  EPU  TED  NU  EE  ZR  OF  EAYS  TO  E-3  EATING 

NDAYSZL  =  CC  N ?U  TE  D  NUKZEZ  OF  E  AYS  TO  Z-4  EATING 

D01E1YI  =  Y  Z  A  E  OF  LATZZI  EZ- E NI IS T ME NT 

EC1Z  1  EIH  =  MC NTH  Or  LA1ZST  RE-ENIISIMENT 

I0LZ2YZ  =  Y  Z  A  R  OF  LAIZZT  EZ- ENLISTMENT 

I0LZ2BT c  =  MC NTH  Of  LATEST  EE -EN 1 1 S THEN T 

DCLZEYf  = YE AE  OE  LATEST  EE- Z NI IS TMENI 

DOLE  3  C T  n  =  MC  NTH  OF  LATEST  RE-ENIISIMENT 

EMLCE AT  E=FI NAL  EATING  AS  LISIEI  BY  D- M.E.C. 

EMDCNIC  =  F I N  AL  N.Z.C.  AS  LISTEE  BY  D.  M.E.C. 

DMDCUIC  =  E I NAL  U.I.C.  AS  LISIEI  BY  D. M.E.C. 
CONVEAT£=CCNVZNING  DATE  FOE  NITEAS  COURSE 
GRAZ  I  AT  E=GE  ADO AT  ION  IATZ  FOR  NIISAS  COURSE 
TEA NEAT E=T5  ANS ACTION  EATZ  FCR  NITRAS  RECORD 
EARNNFC  =DI E  CAN  El  DATE  EARN  AN  NEC? 

TEAININE=TEAINING  INDICATOR 

STACT IC  N=SI DDE  N I  ACTICN  CODES  (PASS,  ?,  ETC.)  ; 

*  THIS  SCREEN  SELECTS  ONLY  THOSE  CASES  WHICH  HAD  ANY 
AFFIIIATICN  WITH  TfcZ  •AD'  RATING.  THAT  IS,  THISE  CASES 
WHICH  ARE  LISTED  IN  THE  DMIC  FILE  AS  PRESENTLY  AD'S 
(PEETAERVJ  OR  AS  FINALLY  AD'S  (DMDCBAIE) ,  OR  AS  SIGNING 
UP  FCR  AI'S  (R  CP  GS  CRT),  OR  AS  HAVING  TAKEN  THE  AD 
RATING  EXAMINATION  (EX AMR  ATE) .  ; 

IE  IKDCR.AT  E  =  '  AD  '  OR  PR  R  T  AER  V  =  *  AD  ’  OR 
ECPCSCRT='6200'  CE  EXA  BE  ATE=  •  6  20  0 '  ; 

*  THIS  NEXT  SECTION  CITPUTS  EASIC  FREQUENCIES  TO  CHECK 
THAT  TEE  RATING  SPECIFIC  DATA  HAS  BSEN  WRITTEN  CNTC 
TEE  F  HE  IN  MASS  S  T  CE  AGE.  ; 

EEOC  FREC  £ATA=FILZCI T. ADDAIA: 

1  A  El ES  Z  KDC  RATE  PRRTABRV  ECPGSCRT  EX  A MR ATE ; 

TITLE  CHECKOUT  FSEQU  F NC I ES  FBCM  THE  FILE  ADDAIA.; 


Progran  to  Screen  the  AO  Data 


'D  CSLUND,  SMC  1763', CLASS 


//AD  SCREEN  JOB  (2807  .C110) 

//♦MAIN  CEG=NPGVMl.2eC7P 
yj  £S£C  5ic 

//SAS.WCEK  CD  SPACE=  <CYL,  (1  2,4)  ) 

//FIIEIN  CD  DISP=SHB.DSN=MSS. S28Q7.ADDAIA 
//FIIICC1  DC  UNIT=333CV,HSVGP=PU34A, 

//  CISP=  (NEW,CAILG,  CE1EIE)  , DS N  =  MSS . S 2807 . ADS UBSE 1 , 
//  DCS  =  <BIKSI2E=640C) 

//SYSIN  CD  * 

CillCfS  IS  =  60  NOCENTEF; 


*  THIS  PFOGEAM  EfDUCES  THE  NUMBER  OF  CASES  IS  THE  EAT 
SET  EY  SCREENING  ON  CERTAIN  VARIABLES.  THE  INTENT 
OF  TEE  SC  BEEN  IS  SUMMARIZED  AECVE  THE  APPROPRIATE 
SAS  STATEMENTS; 


DATA  FIIECUT.ADSOBSET; 
SIT  FIIEIN. ADCATA  ; 


THE  NUMBER  OF  VARIAELES  IN  THE  DATA 
REDUCE  TEE  WORK  SPACE  REQ  UIEEMENTS.  , 


IS  REDUCED  TO 


KEEE 

AFCTGEPS 
AS v AEAE 
ASVABMK 
A  TTEITCD 
EASC1 YE 
IMDCNEC 
EECC3 
ENTEYAGE 
ETHNIC 
FIIEFIGl 
EYEC1 
ISC  - 

METSTAT1 
NCPNDNT1 
I A  YGEDE3 
PREIACTR 
ECPGSCET 
SCREEN 
SEPET3CY 
SEE  VIC  E3 
STCKAV Y 
TESTFOEM 
TCTIEAW 
KAIVEE AL; 


ASVABEI 

ASVABNC 

AUTHRATE 

CHARSRV  1 

DMCCRATE 

EDCERT1E 

ENTRYDAY 

ETS1MN1E 

FILEFLG2 

HYEC3 

LNGTHSE V 

MRISTATS 

NDPNDNT3 

PESD1DAY 

PRIORSE  \ 

R2CENLST 

SEPRT  ICY 

SEPET3CI 

SEX 

TAEMS1 

TOTCVLCN 

TOTMXICN 


AGE 

ASVAEGI 
ASVAESI 
AHIF ACTE 
CHARSRV 3 
DOLE  1  MTH 
ELGREUP  1 
ENTR YMTH 
EIS1 YEAE 
FINLM  GET 
KYNDPNDI 
MENTLGRP 
NCAYSE2 
NHRC  AFCT 

pebd  lain 

PERT  AER V 
EECOEDIC 
SEPRT  1MT 
SEPRI3YE 
SPNSPD1 
TAFMS3 
IOTDE  SR  T 
TCTP EC  M  C 


ASVkBAQ 

ASVABGS 

ASVABSP 

BASD1DAY 

CDOC1 

DOLE1 YR 

ELGRZUP3 

ENTRYSTA 

EXAMRAIE 

F  NMLTCUT 

HYPAYGRC 

MOBLDSGN 

NDAYSE3 

NOTRCMD 

PE3D1 YR 

R  AC  E 

EECPRGSC 
SEPRT  1YR 
SER VACCS 
SPNSPD3 
I AFMS4 
TOTLAWCL 
T  RE  NLMOS 


ASVAEAI 

ASVAEMC 

ASVAEWK 

BASD1MTH 

DDOC3 

DPOC1 

E  NTRPAYG 

ENTRYYR 

EXETABRV 

HYEC 

I  SCI 

METLCPND 

N  EAYS24 

PAYGRDE  1 

PBESBAIE 

RACEETHN 

REGRESSV 

SEPRT3DY 

SERVICE1 

SSNCHNGE 

TERMENLT 

ICTLCEMC 

WAIVER 


*  THIS 
DM  CC 


SCREEN 

EATING 


SEIECTS 
IS  AD.  ; 


CNLY  THOSE  CASES  WHOSE  FINAL 


IF  CMCCRATE  EQ  'AC 


THE  FOLLOWING  LINE  SELECTS  CNLY  THOSE  CASES  KITH  NC 
PRICE  SERVICE.  TO  EUETHEE  REMOVE  POTENTIAL  PRICE 
SEEVICE  CASES  THOSE  WHO  HAVE  CHANGED  THEIR  SOCIAL 
SECURITY  NUMBEE  ARE  ALSO  REMOVED  FROM  THE  SAMPLE.; 


IF  IBICES RV  =  1 ;  IF  SS NC  E NG  E  EQ  0; 


1 


*  THE  FCI1CKING  STATEMENTS  SELECT  ONLY  THOSE  CASES  /i  EC 
WE EE  TESTED  ON  AS V A E  FCSM S  5.  6  OR  7.  ALSO  THOSE 
CASES  WITH  PECULIAFIY  HIGH  ASVAB  SCORES  ARE 
ELI  Cl  NAT  EE  FROM  THE  EATA  SET.: 


IF 

IE 

IF 

IF 

IF 


HTESTFOFM  GE  35)  ANE  (TESIFORM 


ASVABGI<  =  1  5 
AS  V  ABAfi<  =2  0 
ASV  ABGS<=20 
ASVABW  K<  =3  0 


IF  ASVABNC<=50 
IF  ASVAESP<=2Q 
IF  ASVAESI<=20 
IF  ASVABEI<=30 


IF 

IF 

IF 

I? 


LE  37))  ; 
ASVA3AD<= 
ASVAB  MK<  = 
AS  VAB AI<  = 
AS  VAB  MC<  = 


30  ; 
20; 
^0  ; 
20  ; 


*  THIS  SCREEN  ONIY  KEEPS  THOSE  WHO  SIGNED  UP 
NAVY  Cf  NAVAL  EESEEVE. ; 

IF  ({SERVACCS  EC  2)  03  (SERVACCS  EQ  8)); 


FOR 


*  ONIY  T FOSE  CASES  WEC  WERE  KNOWN  TO  HAVE  SIGNED 
UP  FOR  AT  LEAST  FOCE  YEARS  ACIIVE  DUTY  ABE  KEPI 

IF  EEC E NLST  EQ  'll*; 

CASES  ARE  SCREENED  TO  INCLUDE  ONLY  THOSE  KI 
Cl'  Cfi  *BA  D '  INTERSERV ICE  SEPARATION  CODES, 
EY'  CASES  ABE  ELIMINATED.; 


*  THE 
•  GC 
'  GE 


TH 


IF  ISC  1=0 
IE  ISC 3=0 


OR  ISC1=1 
OE  (ISC1  GE  60 
OR  ISC5= 1 
OE  (ISC3  GE  60 


AND  ISC1  LT  90) 
ANE  ISC3  LT  90) 


*  THI 
*  EL 


S  NEXT  SCREEN  KEEPS  THOSE  CASES  FOR  WHICH  CLEAR 
IGIEIE  TO  REENLISI 1  DATA  IS  AVAILABLE.; 

IE  ELGEEUP 1 =0  OE  ELGREUPl=1  OR  ELGR EU E 1=  4  OR 
( EIGEEUP1=  240  ANE  (ELGEEUP3=0  OR  E1GREUP3=1) 


} ; 

*  THESE  SCREENS  ELIMINATE  CASES  WITH  IMPOSSIBLE  DATA.; 


IF  AFCTGRPS  NE  0: 
IF  ICSMNTHS  LE  72; 
IE  RACE  NE  C; 

IE  TAFCS1  LE  72: 

IF  ENTEYAGE  NE  * 7; 
IF  FACEETHN  NE  0; 


IF  ENTRPAYG  NE  0: 

IE  INGTHSRV  NE  0603; 
IE  ETHNIC  NE  0: 

IE  LNIHSRV  NE  0: 

IF  AFQTPCNT  NE  0; 


/* 

// 
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TABLE  XIII 

Prcgraa  to  Create  Mew  Variables 


//A DNEXVAR  JOB  (2807 -Cl 10) , * D  CSLUND,  SMC  1763',: 
//♦MAIN  CRG=NPGVMl.2cC7P 
//  CXEC  SAB 

//SAS.XCFK  CD  SPACE=  (CYL.  (1  2.4) ) 

//FIIEIN  IE  DISF=SH£.DSN=MSS.52807.ADSUBSEI 
//FIIECCT  EE  UNII=333CV,MSVGE=EUE4A, 

//  EISP=  (NEH-CAILG. IEIE1E)  ,DSN=MSS.S2807. ADAIL4, 
//  ECE=  (E I  KSI  ZE=6  4  D  C) 

//SYS1N  IE  * 

CPTICNS  IS  =  60  NOCENTEF  ; 


1763'  ,:iASS  =  3 


*  THE  P Of PC ££  OF  THIS  FROGR  AM  IS  TO  GENEfiATE  NEW  7AR- 
IAEIES  FCE  USE  IN  IE  E  ANALYSIS-  EITHEE  EY  RECODING 
ORIGINAL  VARIABLES,  OR  BY  CREATING  NEK  VARIABLES; 

EAIA  f ILECUT.ADAIL4 : 

SET  FIIEIN. ADSUBSfl; 

♦  THE  F CLICKING  IINES  CREATE  EIIFERENT  'ENTRY  GROUPS'. 


ENTRY 

EXAM 

DMDC 

YES 

YES 

YES 

YES 

YES 

NO 

YES 

NO 

YES 

YES 

NO 

NO 

NO 

YES 

YES 

NO 

YES 

NO 

NO 

NO 

YES; 

IF  (RCPG 
EMEC 
IF  (RCPG 
ERIC 
IF  (RCPG 
EMEC 
IF  (RCPG 
EMEC 
IF  (RCPG 
EMEC 
IF  (RCPG 
EMEC 
IF  (RCPG 
EMEC 


SCSI 

FATE 

SCRT 

FATE 

SCRT 

FATE 

SCRT 

FATE 

SCP.T 

EATS; 

SCR  I 

FATE 

SCRT 

RATE: 


•620 

'AD' 

•620 
NE  ' 
‘•620 
:  'AD* 
:'620 
NE  • 
NE  • 

:  '  AD  ' 
NE  ' 
NE  ' 
NE  ' 
■ '  A  D  ' 


C»  AND 
1  THEN 
fc»  AND 
AI'1  TH 
C'  AND 
1  THEN 
C'  AND 
At')  TH 
€200'  A 
1  THEN 
€200'  A 
AI')  TH 
€200'  A 
)  THEN 


EXAMRATE=' 6200'  AND 
FN1E YGRP=1 : 

EXAMEATE=' 6200'  AND 
FN  ENT£YGRP=2: 

EXAMRAIE  NE  '6200'  AND 
ENTFYGRP=3  : 

EXAMRATE  NE  '6200*  AND 
EN  F NIRYGRP=4 ; 

NE  EXAMRATE=*62G0'  AND 
ENTEYGRP=5; 

NE  FXAMRATE=' 62C0*  AND 
FN  ENTRYGRP=6; 

NE  EXAMRATE  NE  '6200*  AND 
ENIEYGRP=7 ; 


IN  THIS  SECTION-  TEF  DMDC  VAFIABLE  ' HY  EC '  IS  CO  N- 
V  EE  TIE  IC  A  CONTINUOUS  V  ARIAELE  REPRESENTING  NUMEEE 
OF  YEARS  CF  EDCCATICN; 


E  Y  FC=  1  THEN 


E YEC=3  THEN  CHYEC=9: 

K YFC=  5  THEN  CHYEC=11; 
F  YEC  =  7  THEN  CHYEC=13; 
E  Y  EC=  9  THEN  CHYFC=15: 
H Y EC=  1 1  THEN  CEYEC=18 
H  YFC  =  13  THEN  CfcSEC=11 


CH1EC  =  3.  5 ; 
CH YEC=9: 

CH Y£C=  11 ; 
CH  YEC=  13  ; 
CH  YEC=  15; 


H  YEC=  2  I  HEN  CHYEC=8: 

H YEC=  4  THEN  CHYEC=10; 
HYEC  =  6  THEN  CHYEC  =  12 
H YEC=  8  THEN  CKYSC=14 
H YEC= 1 0  THEN  CHYEC=1 
H YEC= 12  THEN  CHYEC=20: 


A  NEK  CATEGORICAL  VARIABLE  ' HSDG*  IS 
A  HIGH  SCHOOL  GRADUATE  IS  CODED  A  '  1' 
SCECC1  GRADUATE  OR  A  G.E.  E.  IS  CODED 


NOW  CREATED. 

AND  A  NON  HIGH 

•  O'  .  ; 


E Y EC  LE 

f:yec  ge 


OF  (H YEC 
ANC  (HYEC 


V^j 


THEN  HSDG=0 : 

)  THEN  HSDG=1; 


6  S 


n»  •  •• 


*  THIS  SECTION  CREATES  NEW  VARIAELES  REPRESENTING 


STA  REA  EL  I 2ED  ASVA5  SCORES.; 

IF  A£VAFGi=C  THEN  SA£VABGI=20; 
If  A  S  V  A  £  C-I  =  1  THEN  SASVAEGI=24; 
If  AS  V  A£  GI=  2  THEN  SASVA3GI=27; 
IE  ASVAEGI=3  THEN  SA£VABGI=30; 
If  AS VAEGI=4  THEN  SA£V'ABGI=23; 
If  ASVAEGI^F  THEN  SA£VABGI=36; 
If  ASVAEG1=6  THEN  SA  SV  A3GI=  39  ; 
If  ASVA£GI=7  THEN  SASVAEGI=42; 
IF  AS  V  A  EG  I  =  8  THEN  SA£VABGI=45; 
IF  ASVA£GI=S  THEN  5A£VA3GI=48: 
IF  ASVA£GI=10  THEN  SASVABGI=51; 
IE  AS  V AE  GI  =  11  THEN  SASVABGI=54; 
IF  AS  VAEGI=  12  THEN  S£SVA3GI=57; 
If  ASVAEGI=13  THEN  SASVABGI=60; 
IF  ASVAEGI=14  THEN  SA£VA3GI=63; 
IF  AS  VAEGI=  15  THEN  SA£VABGI=66; 
IF  ASvAEA5  =  0  THEN  SAS1iABAR=  23  ; 
If  AS  VAEA£=  1  THEN  S  AS1iAEAR=  25  ; 
If  AS VAE £B=  2  THEN  S A S  VAE  AR=  27 ; 
IF  AS  VAE Af  =  5  THEN  SASVABAfi=29; 
IF  A£VA£Af=4  THEN  S  A  S VAB AR  =  32 ; 
If  AS  VAE AR=  5  THEN  SASVABAR=34; 
If  AS VAEAf =6  THEN  SASVABAR=36; 
If  ASVA£AE=7  THEN  SASVABAR=38; 
If  ASVA£Af=8  THEN  SASVABAR=40; 
IF  ASVAEAB- S  THEN  S A S VAB AR= 42 : 
If  ASV AEAE=  10  THEN  SASVABAR=44; 
IF  AS  VAEAE=  11  THEN  SASVABAfi  =  46; 
If  AS  VA£AR=  12  THEN  SASVABAR=48; 
IF  AS  VAE  AR  =  13  THEN  SASVABAS  =  51; 
If  ASVAEAE=14  THEN  SASVABAR=53; 
IF  ASVA£AB=15  THEN  SASV ABAR=55; 
IF  ASVAEAfi= 16  THEN  SASVA3A£=57; 
IF  AS  V  AE  £R  =  17  THEN  SA£VABAR=59; 
IF  AS  V AE  AR  =  1 8  THEN  SA£VABAR=61; 
If  A  S  VAf  AE  =  19  THEN  SASVABAfi=63; 
IF  A£VA£AE=20  THEN  SASVABAR=65; 
IF  ASVAE£P=0  THEN  SASVABSP=20; 
IF  AS VAESP=  1  THEN  S A £VABS?=  2  1 ; 
IF  AS VA££P=2  THEN  SA£VABS?=24; 
IF  ASVA£SF=2  THEN  SA£VAES?=26; 
IF  ASVAESP=4  THEN  SA£VABSP=28; 
If  ASVAESE=5  THEN  SASVABSP=31; 
If  ASVA£SP=c  THEN  SA£VABSP=33; 
IF  ASVA£SE=7  THEN  SASVAESP=35; 
If  AS  V  A  E£P  =  3  THEN  S A S II ABSP=  38 ; 
If  ASVAESP  =  S  THEN  SA£VABSP=40: 
IF  A  £  V  A  £  £P  =  1 0  THEN  SA£VABSP=42; 
If  A£VAESP=11  THEN  SA£VA3S?=45; 
If  ASVAE£E=  12  THEN  SASVAESP=47; 
If  ASVAES?=13  THEN  3A£VABSP=5Q; 
If  ASVAESP=14  THEN  SA£VABSP=52; 
IF  ASVAESP  - 15  THEN  SA£VABSP=54; 
IF  A  £  V A  E  SP  =  16  THEN  SA£VABSP  =  57; 
If  AS  VA  ESP  =  17  THEN  5A£VA3SP=59; 
IF  AS  VA  ESP=  18  THEN  SASVABSP  =  61; 
IF  ASVAE£?=  19  THEN  SA£VA3SP=64; 
IF  A  S  V  A  ESP  =20  THEN  SA£VABSP  =  66; 
IF  ASVA£2K=Q  THEN  S  A  SVABMK=  26  ; 
IF  ASVA£2i<  =  1  THEN  SASVABMK=28: 
IF  ASVA£GS=20  THEN  SA£VA3GS=70; 
IE  ASVAEAI=C  THEN  S  A  S  VAB  AI=  2  6  ; 
I?  AS VAEAI  =  1  THEN  SASVAEAI=28; 
IF  AS  VA  £  AI  =  2  THEN  SASVA3AI=30; 
IF  A  S  VA  £  AI  =  2  THEN  SASVAEAI=32; 
IF  ASVA£AI=4  THEN  SASVAEAI=34; 


IF  ASVAEMK=2  THEN  S  AS  V  A  EH  K  =  3  0  ; 
IF  AS  VA £MK  =  3  THEN  SASVAE£JK  =  32  ; 
IF  ASVAEMK=4  THEN  S A 5 V A EM *  =  3 5  ; 
IF  AS VAEMK=5  THEN  S  AS  V  A  EM  K=37  ; 
IF  AS VAEMK=o  THEN  S AS  V  A  EM  X  =  3  9  ; 
IF  AS VAEMK=7  I HE N  SA£VAEMX=4l  ; 
IF  ASVAEKK=8  IHEN  SASVAEMX=43; 
IF  AS V A£ MK  =9  THEN  S AS  V AEM X=4 5 ; 
IF  AS  VABMK= 10  THEN  SASVAE2K=47; 
IF  ASVABMK=11  THEN  SASVA3i!K  =  49 
IF  ASVABMK=12  THEN  S£SVAEMX=51 
IF  AS  VAEMK= 1 3  THEN  SASVAEMK=53 
IF  AS  V AB HK  =  1 4  IHEN  SASV AB£K  =  55 
IF  AS  VABMK=1 5  IHEN  SASVA3EK=57 
IF  AS  VAB MK= 1 6  THEN  SASVA2SK=5S 
IF  ASVAEHK=17  IHEN  S£SVAEtK=61 
IF  AS  VABHK=  1  8  THEN  SASVAB£K=65 
IF  AS  VAE  HK  =  1  9  THEN  SASVA3  MX=65 
IF  ASVABHK  =  20  THEN  SASVASf!K=o7 
IF  AS  VAEMC=0  IHEN  SASV AEMC=25: 
IF  AS V A E HC  =  1  THEN  SA£VA£MC=27; 
IF  AS VAEHC=2  IHEN  SASVAEHC=30; 
IF  AS VAEHC=3  THEN  SASVAEMC=32; 
IF  AS V A E MC  =4  THEN  SASVA£MC=34; 
IF  AS VAEHC=5  IHEN  SA£VAEMC=37; 
IF  AS V A E MC  =  6  THEN  SASVAEHC  =  39: 
IF  AS VAEMC=7  IHEN  SASVAEMC=41; 
IF  AS V A£ MC  =8  IHEN  SASVAEMC=43; 
IF  ASVAEMC=9  THEN  SASVAEMC=46: 
IF  AS  V A3MC  =  10  THEN  SASVA3MC  =  4  c; 
IF  AS  V  AB  MC  =  1 1  THEN  S AS  V AE MC  =  5 C , 
IF  AS  VABMC  =  12  THEN  SASVAEMC=53; 
IF  AS VABMC  =  1 3  IHEN  SASVABEC  =  5£; 
IF  ASVABMC=14  THEN  SASV  A3«C=  57: 
IF  AS VABMC =15  THEN  SASVABEC=oC 
IF  AS V ABMC=  1 6  THEN  SASVA3MC=62 
IF  AS VABMC  =  17  THEN  S ASVA3f'C=64 
IF  AS  VABMC  =  1 8  THEN  SASVABMC  =  66 
IF  AS  VAB  MC=  1 9  IHEN  SASVABKC=69 
IF  AS VAEMC  =  20  THEN  SASVAEMC=7  1 
IF  ASVABGS=0  THEN  SASVAEG£=24; 
IF  AS VA£GS= 1  THEN  SASVAEGS  =  26; 
IF  ASVAEGS=2  THEN  SASVAEG£=29; 
IF  ASVAEGS=3  THEN  SASV AEG£  =  3  1  ; 
IF  AS VA£GS=4  IHEN  SASVAEGS=33: 
IF  AS V A E GS  =  5  THEN  SASVAEGS  =  36; 
IF  AS V A£GS  =  6  THEN  SA£VAEG£=38; 
IF  AS  V  A  £  GS  =  7  IHEN  SASVAEGS-40; 
IF  AS V AEGS=8  IHEN  SASVAEGS  =  42; 
IF  ASVAEGS=9  THEN  SASVAEGS=45; 
IF  AS  VAB  GS  =  1 0  THEN  SASVABGS=47 
IF  AS VAEGS= 1 1  THEN  SASVAEGS=4S 
IF  ASVA£GS=12  THEN  SASVABGS=52 
IF  AS V ABGS= 1 3  THEN  SASVAEGS=54 
IF  AS  VAB  GS= 1 4  THEN  SASVAEGS=56 
IF  ASVA8GS=15  THEN  SASVAEGS=58 
IF  AS VABGS=  1 6  THEN  SASVAEGS=61 
IF  AS VABGS=1 7  THEN  SASVA3GS=o3 
IF  AS  VABGS= 1 8  THEN  SASVABGS=b5 
IF  AS  VAE  GS= 1 9  THEN  SASVABGS  =  oc 
IF  ASVABWK=30  IHEN  SASVABi*X=64 
IF  AS  VA  E AD  =  0  THEN  SASVAEAL  =  20; 
IF  AS  V  A  E AD=  1  IHEN  SASVAEAL  =  20; 
IF  ASVAEAD=2  IHEN  SASVAEAL=20; 
IF  AS VAEAD=3  THEN  SASVAEAC=21; 
IF  AS VAEAD=4  IHEN  SASVAEAL=24; 


70 


If  AS  VA  E  AI=  f  THEN  SA£VABAI=36; 
IF  AS  VAE  AI  =  6  THEN  SA£VA£AI=38; 
If  ASVAEAI  =  7  THEN  SA£VABAI=  40 ; 
IF  A  S  V A  E  AI=  8  THEN  SA£VABAI=42; 
IF  AS  VAEAI  =  9  THEN  SA£VAEAI=44; 
IF  AS  VAE  AI  =  10  THEN  SA£VABAI=46 
IF  AS  VAE AI=  1 1  THEN  SA£VABAI=48 
IF  AS  V  AE  AI=  12  THEN  SASVA3AI  =  50 
IF  ASVAEAI=13  THEN  SA£VABAI=52 
IF  AS  VAE AI= 1 4  THEN  SASVABAI  =  55 
IF  ASVAEAI=15  THEN  SA£VAEAI=57 
IF  AS  VAE  AI=  16  THEN  SA£VABAI=59 
IF  AS  VAE  AI=  17  THEN  SA£VABAI  =  61 
IF  ASVAEAI=18  THEN  SA£VA3AI=63 
IF  AS VAEAI=  19  THEN  SASVABAI  =  65 
IF  AS VAE AI=20  THEN  SA£VABAI=67 
IF  AS V A££I  =  0  THEN  SA£VABSI=20; 
IF  AS  VA££I=  1  THEN  S A£ VAESI= 2 1 ; 
IF  AS VA££I=2  THEN  SA£VABSI=23; 
IF  AS VAE£I=3  THEN  SASVABSI=25; 
IF  AS  VA££I  =  4  THEN  SA£VABSI=28; 
IF  ASVA££I=5  THEN  SA£VABSI=30; 
IF  AS VAE£I=6  THEN  SA£VABSI=32; 
IF  AS VAE£I=7  THEN  SA£VABSI=35; 
IF  AS  VAE  £1- 8  THEN  SASVABSI=37; 
IF  ASVA££I=S  THEN  SA£VABSI=39: 
IF  AS VAB£I=  10  THEN  SA£VABSI=42 
IF  ASVAE£I=  11  THEN  SA£VABSI  =  44 
IF  AS VAE£I=  12  THEN  SA£VABSI  =  46 
IF  AS VAESI=  13  THEN  SA£VABSI=48 
IF  AS VAE£I=  14  THEN  SA£VABSI=51 
IF  AS  VAE£I  = 15  THEN  SA£VABSI=53 
IF  AS VAE£I=  16  THEN  SA£VABSI  =  55 
IF  AS VABSI=  17  THEN  SA£VABSI=58 
IF  AS VAE£I=  18  THEN  SASVABSI=60 
IF  AS VAE£I=  19  THEN  SASVABSI  =  6 2 
IF  AS VAE£I=20  THEN  SA£VABSI=65 
IF  ASVA£»K=0  THEN  SASVABHK=23; 
IF  AS V A E fcK- 1  THEN  SASVABWK=24; 
IF  ASVA£6K=2  THEN  SASVAEWK=26; 
IF  AS  VAEfiK  =  3  THEN  SASVABWK=27; 
IF  AS  VAEliK  =  4  THEN  S ASVABKK= 28 ; 
IF  ASVA£«K=5  THEN  SASVABWK=30; 
IF  ASVAESK=6  THEN  SA£VAEWK=31; 
IF  AS VAEfcK=7  THEN  SASVABWK=33; 
IF  ASVAEIiK=8  THEN  SASVABWK=34; 
IF  AS VAEiiK  =  9  THEN  SASVAEWK=35: 
IF  AS VAEKK=  10  THEN  SASVABWK=3"> 
IF  AS VAEKK=  1 1  THEN  SA£VABWK  =  38 
IF  AS  VAB  N K  =  12  THEN  SASVABWK  =  39 
IF  AS  VA£RK=  13  THEN  SASVABWK  =  41 
IF  AS  VAE  WK=  14  THEN  SASVABHK  =  42 
IF  AS VAESK= 15  THEN  SA£VABHK=44 
IF  AS VAENK=  16  THEN  S A£VABWK=45 
IF  AS  VAEKK=  17  THEN  SASVABWK  =  46 
IF  AS VAEHK=  18  THEN  SASVA35?K  =  48 
IF  AS VAERK=  19  THEN  SASVABWK=49 
IF  AS VAEfiK=20  THEN  SA£VABWK=50 
IF  AS VAERK=2 1  THEN  SASVABWK=52 
IF  AS  VABiK  =  22  THEN  SASVABNK  =  53 
IF  AS VABSK=23  THEN  SASVABWK=55 
IF  AS VAERK=24  THEN  SASVABWK  =  56 
IF  AS VAERK=25  THEN  SA£VABHK  =  57 
IF  AS  VA£SK=26  THEN  SA£VABKK=59 
IF  ASVAENK=27  THEN  SASVABWK=60 
IF  AS VAEiiK  =  23  THEN  SA£VABWK  =  62 
IF  AS VAENK  =29  THEN  SASVABWK=63 
IF  ASVA8NC=  10  THEN  SA£VABNO  =  29 
IF  ASVAEKC=11  THEN  SASVABNO=30 


7  1 


IF  AS  VAEAD  =  5  IHEN  S AS V  A E A £=2 6  ; 
IF  AS V  AE AD=6  THEN  SASVAEAL=2S; 
IF  AS  VAEAD=7  IHEN  S AS  V A EA£  =  3  1  ; 
IF  AS  VAE AD  =8  THEN  SASVAEA£  =  34; 
IF  AS  VA  E AD=  9  IHEN  SAS V AEAD  =  3 6  : 
IF  AS VABAD  =  1 0  THEN  SASVABAD=39; 
IF  AS  VAE AD  =  1  1  THEN  SASVABAD=41; 
IF  AS VABAD= 12  THEN  SASVABAD=44; 
IF  AS VABAD= 1 3  THEN  SASVAEAD=46; 
IF  AS VAEAD= 1 4  THEN  SASVA3AD  =  4S; 
IF  AS VABAD=  1 5  IHEN  SASVABAD=51; 
IF  ASVABAD=1 6  THEN  SASVABAD=54; 
IF  ASVABAD=17  THEN  SASVABAD=57; 
IF  ASVABAD=13  THEN  SASVABAD=59; 
IF  AS VABAD=  1 3  THEN  SASVABAD  =  62; 
IF  AS VABAD  =  20  THEN  SASVABAD=64; 
IF  AS VABAD  =  2 1  THEN  SASVA3AB=67; 
IF  AS V AEAD  =  22  THEN  SASVABAD  =  6S; 
IF  AS VABAD=23  THEN  SASVAEAD=72; 
IF  AS  VABAD=24  THEN  SASVABAD  =  74; 
IF  AS VAB AD  =  25  IHEN  SASVABAD=77; 
IF  AS  VAB AD  =  26  THEN  SASVABAD=79; 
IF  AS VAEAD  =  27  THEN  S AS V A3 AD= 8 0; 
IF  AS  VAB AD  =  23  THEN  SASVA3AD=80; 
IF  AS VABAD=29  THEN  SASVABAD=8C; 
IF  ASVABAD=30  THEN  SASVABAD=30; 
IF  AS VA£EI=Q  THEN  SASVA£EI=20; 
IF  AS VAEEI=  1  IHEN  SA£VAE£I=20; 
IF  AS VAEEI=2  THEN  SASVAEEI=21; 
IE  AS V  AEEI  =  3  THEN  SASVAEEI=22; 
IF  AS VABEI=4  IHEN  SASVAE£I=24; 
IF  AS  VABEI=5  THEN  SASVA£EI=26; 
IF  AS VAEEI=6  IHEN  SASVAEEI=27; 
IF  AS VABEI =7  THEN  SASVAEEI*2S; 
IF  AS VA£EI  =  8  IHEN  SASVA£EI*31; 
IF  AS VAB El =9  THEN  SASVA£EI=32: 
IF  ASVABEI  =  10  THEN  SASVABEI=34; 
IF  ASVABEI=11  IHEN  SASVA£EI=36; 
IF  ASVABEI=12  THEN  SASVAB£I=37; 
IF  AS VABEI=13  THEN  SASVABEI=3S; 
IF  AS  VAB  El  =  1 4  THEN  SASVA5EI  =  41; 
IF  AS VAEEI=15  THEN  SA5VABEI=42; 
IF  ASVABEI=16  IHEN  SASVAB£I=44; 
IF  AS VABEI=17  THEN  SASVAEEI=46; 
IF  AS VABEI=  18  THEN  SASVAEEI=4t; 
IF  AS  VABEI  =  1 9  THEN  SASVAEEI=4S; 
IF  AS  VABEI=20  THEN  SASVA3EI=51; 
IF  AS VABEI  =  2 1  THEN  SASVA£EI=53; 
IF  AS VABEI=22  THEN  SASVABEI=54; 
IF  AS V A3EI  =  23  THEN  SASVA£EI=56; 
IF  AS VABEI=24  THEN  SASVAE£I=58; 
IF  ASVABEI=25  THEN  SASVABEI=59; 
IF  ASVABEI=2b  THEN  SASVAB£I=61; 
IF  AS VABEI=27  THEN  SASVAEEI=63; 
IF  AS VABEI=28  THEN  SASVABEI=64; 
IF  ASVABEI=29  THEN  SASVAB£I=o6; 
IF  AS VABEI=30  IHEN  SASVABEI=68; 
IF  AS VAENG=Q  THEN  SASVAENC=20; 
IF  ASVAENO=1  THEN  SASVAENC=20; 
IF  AS V AE NO  =  2  THEN  SA£VA£NC  =  21; 
IF  AS  VAENO  =  3  THEN  SASVAENC=22  ; 
IF  ASVAENO=4  THEN  SASVAENC=2i; 
IF  ASVAENO=5  IHEN  SASVAENC=24; 
IF  ASVAENO=6  THEN  SASVAENC=25; 
IF  AS  VAE  NO  =  7  IHEN  SASVAENC=26; 
IF  AS VA  E  NO  =  8  THEN  SASVAENC=27; 
IF  AS V A E NO  =9  THEN  SASVA£NC=28: 
IF  AS V AB NO  =  3  1  IHEN  SASVAENO  =  5C; 
IF  AS VABNO=32  THEN  SASVABNC=51; 


IF  ASVABNC 
IF  ASVABNC 
IF  ASVABNC 
IF  ASVABNC 
IF  ASVABNC 
IF  ASVABNC 
IF  ASVABNC 
IF  AEVAENC 
IF  ASVABNC 
IF  A  S  V  AB  NC 
IF  A  £  VAE  NC 
IF  ASVABNC 
IF  ASVABNC 
IF  AS VAENC 
IF  AEVAENC 
IF  AEVAENC 
IF  AEVAENC 
IF  AEVAENC 
IF  AEVAENC 


=  12  THEN 
=  13  T  H  EN 
=  14  THEN 
=15  THEN 
=  16  THEN 
=  17  THEN 
=  13  THEN 
=  19  THEN 
=20  THEN 
=  21  THEN 
=22  THEN 
=23  THEN 
=  24  THEN 
=  25  THEN 
=  26  THEN 
=  27  THEM 
=  28  THEN 
=  29  THEN 
=  20  THEN 


E  ASVA3N0 
3AEVABNO 
S  AEVA3N0 
3  AEVABNO 
S  A  £ V  A3NO 
3 AEVA3NO 
S  AEVABNO 
S AEVABNO 
3  AEVABNO 
S AEVABNO 
3 AEVABNO 
S AEVABNO 
S AEVABNO 
SAEVABNO 
S AEVABNO 
S AEVABNO 
SAEVABNO 
SAEVABNO 
SAEVABNO 


IF  AEVABNO 
IF  AS  VAE  NO 
IF  AS  VAB  NO 
IF  AS VAB  NO 
IF  AS V A 3 N 0 
IF  AS VAB MO 
IF  AS  V  A3  NC 
IF  AS VAB NO 
IE  AS  V AB  NO 
IF  AS VAB NO 
IF  ASVABNO 
IF  ASVABNO 
IF  ASVABNO 
IF  ASVABNO 
IF  ASVABNO 
IF  ASVABNO 
IF  ASVABNO 
IF  ASVABNO 


33  THEN 

34  THEN 

35  THEN 

36  THEN 

37  TH  E N 
36  THEN 
39  TH  E  N 
4  0  THEN 

41  THEN 

42  THEN 

43  THEN 

44  THEN 

45  THEN 

46  THEN 

47  THEN 
43  THEN 

49  THEN 

50  TH  E  N 


SASVA£NC=52 
S2SV ASNC=53 
SASV  A£NO-=5  4 
E AS VA£NC=55 
S AS  V  AE NC=  5  6 
SASVA£NO=57 
SASV AENG=5c 
SASV ABNO=59 
SAS  V  A3  NO  =  6  C 
SASV  AENO=b  1 
SAS VA3NO=62 
S  AS  V  AE  NO=o  3 
SASV AENC=64 
E AS  V  AB  NO=  d5 
SASV  AENO=66 
SASVA3NO=67 
SASV AENO=66 
SASV AEN0=6S 


*  THE  F 011C SIN G  STATEMENTS  CREATE  THE  NUMERIC  VARIABLE 
'  LCSMMHS  '  FROM  THE  V  ARIA  £IE  *  INI  HSRV  '  .  ; 

YEAB=EU£ ETR (LNGTHSFV. 1.21; 

HCNTH  =  £CESTH  IINGTBEBV#3, i) ; 

Y  E  ARE  =  Y  E  AE*  0 ; 

MCN1HS=MCNTK+C; 

ICEMNIHE= YE ABE* 12+tCNTHS ; 

*  RECCEING  TO  A  CATEGORICAL  VARIABLE. ; 

IF  M£I1EFND=10  THEN  DEPE  NLT£  =  0 ;  ELSE  D£?ENETS=1; 

*  CONVERTING  CHARACTEf  VARIABLES  TO  NUMERIC. ; 

NUE if  A Y= HYP AYGRD+C;  NUNCIBC=NGTRCMD+Q  ; 

*  TC  DEFINE  THE  HIGHEST  PAYGRALE  ACHIEVED,  ACCORDING 
TC  TEE  DM IC  FILE. ; 

IF  IIIEFIG1 =3209  TEEN  P A Y GR A C E=PAY GfiD E 1 : 

IE  ULEEIG1  NE  32C9  THEN  PAYGRAOE=?AYGRDE3  ; 

IE  FAYGEADE=0  THEN  ?  A  YGR  A D E  =  P  A  YG  F.D  D  1  ; 

IF  FA  YGR ADD =0  THEN  F  A  YGR  ADE  =  •  .  •  ; 

*  CREATING  THE  A S V A 3  COMPOSITE  VARIA3LE  USED  WHEN 
CLASSIFYING  AD'S,  AND  ASSIGNING  A  DUMMY  VARIABLE 
TC  IDENTIFY  THOSE  fct.C  ACHIEVED  THE  MINIMUM  SCORE.; 

A  ECC  MFCS  =  SASVAB AF  +  S ASV AEEI^SAS VA3GS *S AS V A3MK ; 

IE  A ICC  M  FCS  GE  19C  THEN  ADMINSC£=1; 

EISE  ADMIN  SCR=  C ; 

*  SETTING  UF  DUMMY  VARIABLES  IC  ALLOW  ANALYSIS  OF 
RACE  AND  SEX  DEFECTS.: 


IE  FACE=1  THEN  WH1IE=1; 
IE  fi  A  C  E  =  2  THEN  BLACK=1; 
IF  R  AC  E  =  3  THEN  CT  fc  E  R= 1 ; 
IE  SEX  =2  THEN  N’JEEX=0; 


ELSE  WHI!E=0 : 
ELSE  BL  AC K  =  0  ; 
EISE  CT  HER=0 ; 
ELSE  NUSEX= 1  ; 


*  CREATING  A  RANDOM  VARIABLE  IC  ALLOW  THE  DATA  ID 
EE  EFLIT  RANDOMLY  IN  HALF; 

IF  RANUM(J)  <=  .5  THEN  £AN£ALL1  =  1;  ELSE  RAND  ALL  1  =  0  ; 
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*  CHEATING  INTER  ACTION  VARIAEIES  FOR  USE  IN  THE  MCDEI 
DEVELOPMENT.  ; 

INTEEC1  =  DEPENDTS*H£DG: 

I  NTEEC2=DZPSNDTS*£IACK; 

INTERC3  =  DEPENDTS*NtSEX: 

INIEEC4=DEPENETS*TEfiMENLT; 

I N  3ERC5  =  DEP  EN  ETS*  SASVABA I ; 
INIZEC6=DEPENDTS*AIMINSCE; 

IN1ERC7=H SDG* EL ACK; 

IN1ERC8=  BSD G  *  NU  S  E  X  ; 

INI£RC9=HSDG*IZRM£NLT; 

IKTEE10=ESDG*SASVAEAI; 

INI  EE  1 1  =  HSDG*  ADMI NSCR ; 

IK  TEE  12=ELACK*NUSEX: 

INTER  13  =  f LA  CK*TERCENLT; 

I N  T  E  R  1 4  =  EL  A  C  K  *S  A  S  V  A  E  A I ; 

IN1EE 15= ELACK +ADM1NSCR; 

INTER 16=NUS£X*TERM£NIT; 

INTER  17  =  NUSEX*S ASVAE AI; 

INTER18=NUSEX*ADM3NSCfi: 

IN1ER19=IERMENLT*SASVABAI; 

I K T£E20  =  TER  ME  NLT*  AD  MI  NSC  R ; 
IN1E£I1=SASVAEAI*ADMINSCE; 

*  THE  FCILCWING  IINES  CREATE  DIFFERENT  CRITERION 
VARIAEIES.; 

IF  (  (SEE VICE  1  EQ  2)  AND  ((EAYGRADE  GE  4)  AND 
jNUHYPAY  GE  4)))  THEN  SUCC?AYG=1; 

EISE  SUCCPAYG=  C : 

IF  ENTE YYR=78  AND  ENTRYMTH  GE  10  THEN  LATE£NL:=1; 
EISE  LATEENLT=C; 

IF  TAFMS1  GE  48  OR  (TAFMS1  GE  45  AND  LATEE NLI= 1 ) 
TEEN  SUCCTAF=1;  ELSE  SUCCIAF=0: 

IF  ELGREUP1=4  THEN  SUCCREUP=0;  ELSE  SUCCREUP=1; 

IF  SUCCREUP= 1  AND  £UCCIAF=1  AND  SUCCPAYG=1 
TEEN  SUCCESS2  =  1;  ELSE  SDCCESS2=0; 


IABE1 

HSDG 

CEPE  RETS 

CHYEC 

RUHYEAY 

NUNCTRC 

EAYGEAEE 

S  AS  V  A  EG  I 

SASVAENC 

SASVAEAE 

SAS V AE WK 

SASVAEAE 

SASVAESE 

S AS  V  A  EM  K 

SASVAEEI 

SASVAEMC 

SASVAEGS 

SASVAESI 

SASVAEAI 

WHITE 

ELACK 

C1HEE 

NUSEX 

ADCOMPCS 

ADMINSCR 

RAN  RAIL  1 

IOSMNTHS 

ENTRYGFE 

IATEEKII 

SUCCTAF 


HIGH  SCHOOL  GRADUATE^),  OIHER(O) 

SINGLE-  NC  EEPENDE  NTS  (0),  OTHERWISE  (1| 
CONVERTED  NCKEER  OF  YEARS  OF  EDUCATION 
NHRC  FILE — HIGHEST  PAYGRADE  ATTAINED 
N EEC — NCT  RECOMMENDED  FOR  BE-ENLI S IM ENT 


DMEC-BASED  HIGHEST 
STANDARDIZED  SCORE 
STANDARDIZED  SCORE 
STANDARDIZED  SCORE 
STANDARDIZED  SCORE 
STANDARDIZED  SCORE 
STANDARDIZED  SCORE 
STANDARDIZED  SCORE 
STANDARDIZED  SCORE 
STANDARDIZED  SCORE 
STANDARDIZED  SCORE 
STANDARDIZED  SCORE 
STANDARDIZED  SCORE 

!1)  WHITE,  EISE  (0 
1  i  BLACK,  USE  (0 
1  NEITHER  ELACK 
1)  MALE,  (C)  FEMA 
AD  AS VAE  COMPOSITE 
AD  ASVAE  COMECSITE 


SCORE 

SCORE 


WHITE,  EISE  (0) 

BLACK,  USE  (0) 
NEITHER  ELACK  NCR  WHI 
MALE,  (C)  FEMAIE 
ASVAE  COMPOSITE 
ASVAE  COEECSITE  SCREEN 


PAY-GRADE  ATTAINED 

-  GENERAL  INFORMATION 
-NUMERICAL  OPERATIONS 

-  ATTENTION  10  DETAIL 

-  WORD  KNOWLEDGE 
-ARITHMETIC  REASONING 

-  SPACE  PERCEPTION 

-  MATH  KNOWLEDGE 

-  ELECTRONIC  INFO 

-  MECH  COMPREHENSION 

-  GENERAL  SCIENCE 

-  SHOP  INFORMATION 

-  AUTO  INFORMATION 


WHITE,  ELSE 


VAR.  TO  ALLCK  A  RANDOM  50-50  SPLIT 
LENGTH  OF  SERVICE  IK  MONTHS 
ENTRY  GROUP  C1ASSI  F IC  A  HONS 
ENTERED  AFTER  SEP  78  (1),  OTHERWISE  (0) 
SUCCESS  ON  ICS  CRITERION  (1) 


* 


£UCCB  AYG=  (1,0)  SUCCESS  ON  PAYGBADE 

£UCC  B E  U  £=  1 1 , 0}  EIIGIEIE  TO  EEENLIST 

SUCCE£S2=SECCESS  ON  COMPOSITE  CBITEBION  (1) 

INTEB C1=£ EE ENDTS*HSDG 

INT£EC2=EEPENDTS*B1ACK 

INIEBC3=£EE£NDIS*N[JSEX 

INTEBC4=EEPENDTS*TERKENIT 

INTEBC5=£EPENDTS*SASV£EAI 

INTEB  CG=E£PENDTS*ADMIKSCfi 

INTEBC7=ES£G*BIACK 

INTEBC6=tSEG*N0SEX 

lNTEEC9  =  E£EG*TERi!ENlI 

INTEB  10  =  E££G*SAS VABAI 

INTEB  1 1  =  E£  EG*ADMIN  SC  B 

INTEB  12=EIACK*NUSEX 

INTEB  13=EIACK*T£EMENII 

INTEB  14=EIACK*SASVABAI 

INTEB  15  =  ElACK*A£>HINSCi 

INTEB  16  =  NE  £  £X*T  EBM  EN IT 

INTEB  17=KD£EX*SASVAB AI 

INTEB  18=KU£EX*ADMINSCB 

INTEB  19=TEECENLT*SASV££AI 

INTEB20  =  TEEMENLT*ADHIli£CR 

INTEB  21  =  £A£  VABAI  *ADi3JBSCR; 

/* 

// 


AP f JNTI2  B 

DESCE1PTIVE  ANALYSIS  BESOLTS 


frequency  distribution 
descriptive  analysis  cf  th 
Tables  XIV  and  XV. 

The  frequencies  stow  th 
here  17  tc  21  years  cf  age 
degree,  S7  percent  here  si 
Even  though  BLACK  ard  OT 
percent  cf  the  sample  resp 
here  sigrificantly  differe 
scores.  Thus,  BLACK  and  OT 
cf  the  mcdels.  It  is  inter 
the  saaple  achieved  the  pay 
E-5  rather  than  E-4  ir  the 
produce  greater  variahili 
imprcve  the  models. 

Cne  third  of  the  cases 
greater  cn  the  AC  ccnposite 
people  whc  were  classified 
forms  5,6  and  7  misncnming 
to  the  AE  rating  sthsegue 
partially  explain  the  negat 
have  hith  the  criteria. 


£ 

and  correlations 

used  for 

€ 

AD  data  set  are  z 

ortained  in 

at 

S2  percent  of  the 

AD  data  set 

0 

79  percent  had  a 

high  sen  col 

ngle,  and  98  percent  were  naie.  I 

BEE  only  represented  17  and  6 

ectively,  their  criterion  scores 

nt  compared  to  WHITE  criterion 

£EE  emerged  as  predictors  in  seme  I 

esting  to  note  that  40  percent  cf 

grade  E-5.  Using  achievement  of 

composite  success  criterion  hould 

ty  on  the  criterion  which  nay  I 

in  the  data  did  not  score  ISO  or 
score.  These  cases  are  either 
prior  to  correcting  the  ASVAB  j 

problems,  or  people  who  aigrated 
rt  to  service  entry.  This  nay 
ive  correlations  these  variables 


TAE1E  XI? 

Selected  Frequencies 


FINAL  EATING 

AS  LISTED 

BY  D. M.D 

.C. 

DtCCEATE 

FREQUENCY 

C  U  fl  F  E  E  Q 

PERCENT 

CU.l 

PEECEKI 

At 

2820 

2820 

100.000 

ICO. OCO 

SCREEN  score 

SCREEN 

FEEQU  ENCY 

CLlM  EE EQ 

PEECENT 

CO  K 

PEE  CENT 

m 

52 

12 

JL 

2 

o'.  013 

C I  0 73 

c  c 

1 

3 

0.036 

C.  1C9 

5'j 

c 

8 

0.182 

C  -  2  9  1 

c;  c 

' 

1 1 

0.  109 

C.  4C0 

6  1 

1 

12 

0.036 

0-427 

62 

6 

18 

0.218 

C.655 

6  2 

7 

25 

0.255 

C-910 

64 

* 

28 

0.  109 

1.  C  19 

66 

36 

64 

1.31  1 

2. 320 

66 

54 

1  18 

1.966 

4.296 

7  C 

66 

164 

2.403 

6.698 

71 

24 

2C8 

0.874 

7.572 

7  2 

145 

353 

5.278 

12. 850 

12 

c 

358 

0.182 

12.022 

74 

106 

464 

3.859 

16.891 

75 

5  C 

5  14 

1.820 

16.7  11 

76 

37 

551 

1.347 

20.058 

77 

76 

629 

2.839 

22.898 

76 

186 

617 

6.844 

29.742 

7  9 

172 

989 

6.261 

36.0C3 

ec 

13  1 

1120 

4.769 

40.772 

81 

105 

1225 

3.822 

44.594 

62 

5  1 

1276 

1.857 

46.451 

82 

56  9 

1845 

20.714 

67.  164 

64 

9  C 

1925 

3.276- 

7C.440 

85 

2 

1927 

0.073 

7C.5  13 

66 

12 

1950 

0.473 

7C.967 

87 

11  1 

206  1 

4.041 

75.027 

86 

424 

2485 

15.435 

90.462 

8  S 

27 

2512 

C.983 

91.445 

SC 

208 

2720 

7.572 

99.0  17 

91 

2 

2723 

0.  109 

99.126 

92 

c 

2728 

0.182 

99. 308 

92 

4 

27  32 

0.146 

9S-454 

9  4 

1 

2733 

0.036 

99.490 

95 

1  4 

2747 

0.510 

1CC.CC0 

AFCT  GROUPS 

( 5,40,4b, 4A 

,3B,3A,2 

,1) 

afgtgbps 

FREQUENCY 

CUa  FREQ 

PERCENI 

CUi 

PEECENT 

1 

4 

4 

0.  142 

0-  142 

2 

6  1 

65 

2.  163 

2.3C5 

"3 

28  C 

345 

9.929 

12.224 

4 

599 

9  44 

21.241 

32.475 

c 

795 

17  29 

28.191 

6  1.667 

6 

545 

2264 

19.326 

6 C -  9  93 

7 

505 

2769 

17.908 

98.901 

8 

3  1 

2820 

1.099 

1  CC.OCO 

76 


AGE  CF  1NEIVIEUAI  AT  11*12  OF  ENTRY 


F  NT  R  Y AG  I 

FREQUENCY 

COM  FREQ 

PERCENT 

CU1  PERCENT 

17 

38  £ 

368 

13.755 

15.759 

1  £ 

1225 

16  13 

43.440 

57.  159 

1  9 

594 

2207 

21.064 

78.262 

2  C 

26  3 

2470 

9.326 

£7.569 

21 

13  6 

26C6 

4.823 

52.4  11 

22 

75 

26  8  1 

2.6  60 

55.071 

23 

45 

2730 

1.736 

S6.8C5 

24 

2  £ 

2758 

0.993 

97.  8  01 

25 

22 

2780 

0.780 

9  £  .  5  £2 

2  6 

1  1 

2751 

0.390 

98.972 

27 

12 

2803 

0.426 

55.357 

2  £ 

£ 

2811 

0.284 

95.681 

25 

8 

2819 

0.284 

95.565 

30 

1 

2820 

0.035 

100.000 

ENTRY 

PAY  GRAEE 

( EO  0  —  01  1) 

ENTREAYG 

FEEQOENCY 

COM  FREQ 

PERCENT 

CUM  PEFCENT 

1 

2375 

2375 

84.220 

84.220 

2 

275 

2654 

9.894 

94.  1  13 

166 

2820 

5.887 

1CC.CC0 

TERM  OF  ENLISTMENT  (NO.  OF  YEARS) 

rzinntvrv  /■'•nw  CEE,"  EEDrEHT  r 


TEEMENIT 

FREQUENCY 

COM  FREQ 

PERCENT  CUM 

PERCENT 

2 

1 

1 

0.035 

C.055 

3 

1 

2 

0.035 

C.071 

4 

2692 

2654 

95.461 

95.532 

c 

1 

2655 

0.035 

95.567 

6 

125 

2820 

4.433 

1  CC.000 

SERVICE 

OF  ACCESSION 

(NAVY, 2) 

FEVACCS 

FREQUENCY 

CUM  FREQ 

PERCENT 

CUM 

PEFCENT 

2 

2715 

2715 

96  .277 

96.277 

6 

105 

2820 

3.723 

1CC.0C0 

CONVERTEE  NUMBER  CF  YEARS 

OF  ECJCA 

iTION 

CRY  EC 

FREQUENCY 

CUM  EEEQ 

PERCENI 

CUM 

PEFCENT 

3.5 

1 

1 

0. 035 

C.055 

8 

4 

5 

0.142 

C.  177 

c 

27 

52 

C.957 

1.  155 

1C 

145 

175 

5.071 

6 . 2  Cc 

1  1 

285 

460 

10.  106 

16.5  12 

11.5 

122 

562 

4.326 

20.658 

12 

2165 

2747 

76.773 

97.411 

15 

25 

2776 

1.028 

98.440 

14 

2  6 

28C2 

C.922 

59.562 

15 

7 

2809 

0.248 

95.6  10 

16 

1  1 

2320 

0.390 

1 CC.OCO 

HIGH-SCECQL 

GR  ABU  ATE  (1) 

V.  OTHER  (0) 

F.SEG 

FREQUENCY 

CUM  FREQ 

PERCENI 

CU1 

PERCENT 

0 

582 

562 

20.633 

20.628 

1 

2238 

2820 

79.362 

1CC.0C0 

SINGLE,  NC  EEPEN  DENIS  ,  OTHERWISE  (  1} 
c  ircfmiKrv  rriM  s  c  S' i  d  ?  c  f j  t  r- iv  \ 


EEEENETS 

frequency 

COM  f  RE  £ 

PERCENI 

COM  PEECENI 

C 

2738 

27  38 

97 .052 

97.052 

1 

82 

2820 

2.906 

1CC.CC0 

(1)  MALE,  (0)  FEMALE. 


NCSEI 

FBEQU  ENCY 

CUM  EREw 

PERCENI 

CUM 

PERCENT 

C 

64 

64 

2.270 

2.270 

1 

2756 

2820 

97.730 

1CC.0C0 

ENT E  J  GROOP  Cl  AS SI FIC AT  10  NS 

ENTR YGRP 

FREQUENCY 

CUM  EREw: 

PERCENI 

CUM 

PERCENT 

1 

1  166 

1166 

41 .348 

41. 348 

3 

128 

1294 

4.535 

45.887 

c 

1316 

2610 

46.667 

92.553 

7 

210 

2820 

7.447 

1CC.0C0 

(1)  WHITE,  (2)  BLACK,  (3)  C  THE  R 

c’EPnnti/'v  /-riM  tctr  3  s1  c  S'  u  T 


RACE 

FREQUENCY 

CUM  EfiEQ 

PERCENI 

CUM 

PERCENT 

1 

2184 

2184 

77.447 

77.447 

2 

466 

26  52 

16.596 

94.043 

4 

166 

2820 

5.957 

IOC. 000 

AD  ASVAB 

COMPOSITE 

SCfiEEN 

A  D  C I NSC  B 

FREQUENCY 

CUM  EfiEQ 

PERCENI 

CUtM 

PERCENT 

0 

945 

945 

33.511 

35.511 

1 

1875 

2820 

66.489 

1CC.0C0 

VAR  TO  A11CW 

A  RANDOM 

50-50  SPLIT 

R  A  NE  ALL  1 

FREQUENCY 

CUM  E RE^ 

PERCENT 

CUM 

PERCENT 

0 

1380 

1360 

48.935 

48.936 

1 

1440 

2820 

51.064 

ICC. 000 

INTEE-SEEVICE  SEPARATION  CODE 

ISC5 

FREQUENCY 

CUM  EfiEQ 

PERCENI 

CUM 

PERCENT 

0 

1  106 

1106 

39.220 

35.220 

1 

1495 

26  C  1 

53.014 

92.254 

6  C 

22 

2623 

0.780 

95.0  14 

6  1 

6 

2629 

0.213 

95.227 

65 

1 

2630 

0.035 

55.262 

6  4 

7 

2657 

0.248 

95.511 

65 

6  1 

2658 

2.  163 

95.674 

67 

1  4 

2712 

0.496 

96.  170 

7  1 

7 

2719 

0.248 

56.416 

75 

1  5 

2734 

0.532 

56.950 

74 

1 

2735 

0.035 

56.986 

75 

2 

2737 

0.071 

97.057 

76 

7 

2744 

0.248 

S7.3C5 

76 

22 

2766 

0.780 

96.065 

80 

4 

2770 

0.1  42 

96.227 

62 

20 

2750 

0.709 

96.956 

86 

30 

2820 

1.064 

1CC.CC0 

78 


(1)  ENTERIC  AFTER  SEP  78,  OTHERWISE  (3) 
IATEENL1  FREQUENCY  COM  FREQ  PERCENT  CUM  PERCENT 


c 

2  54  3 

2543 

90.  177 

9C.  177 

1 

277 

2820 

9.623 

1CC.0C0 

DM  DC-3  AS  I  r  HIGHEST  DAY- 

-GRADE  ATTAINED 

F AYGEADE 

FREQUENCY 

CUM  ffi EQ 

PERCENT 

CUM 

PERCENI 

1 

1  1  C 

1  10 

3.901 

3. SCI 

2 

108 

2  18 

3.830 

7.730 

5 

23  1 

449 

8. 191 

15.922 

4 

125  9 

1708 

44. 645 

6C.567 

c 

1110 

28  18 

39.362 

99.925 

6 

2 

2820 

0.071 

1  CC. COO 

NHEC  FIIE — HIGHEST  PAYGRADE  ATTAINED 

KUHYPAY 

FREQUENCY 

CUM  f EE w 

PERCENI 

CUM 

PERCENT 

1 

17 

17 

0.603 

0.6C3 

2 

95 

1  12 

3.369 

2.  S72 

" 

220 

3  32 

7.801 

1  1.773 

4 

140  1 

1733 

49.681 

61.454 

c 

1087 

2820 

38.546 

1CC.0C0 

SUCCESS 

CN  ICS  CRITERION  (1) 

SDCCTAF 

FREQUENCY 

CUM  FREQ 

PERCENI 

CUM 

PERCENT 

0 

393 

393 

13.936 

13.936 

1 

2427 

2820 

86.064 

1  cc.oco 

HIGH  IAYGEADE  SUCCESS  C EITEBIO N. 

SCCCPAYG 

FREQUENCY 

CUM  FREQ 

PERCENI 

CUM 

PERCENT 

C 

474 

474 

16.809 

16.8C9 

1 

234  8 

2820 

83.191 

1  CC.OCO 

B  EE  SUSIE  ENT 

E IIGI EILITY  CRITERION. 

• 

SCCCREUP 

FREQUENCY 

CUM  FREQ 

PERCENI 

CUM 

PERCENT 

0 

293 

2  S3 

10.390 

1C. 350 

1 

2527 

2620 

89.610 

1 CC. oco 

SUCCESS  CN 

CO  MPCSITE 

CRITERION 

(1) 

S  CC  CESS  2 

FREQUENCY 

CUM  FREQ 

PERCENI 

CUM 

PERCENT 

C 

655 

655 

23.227 

23.227 

1 

2  16  5 

2820 

76.773 

1  cc.oco 

MONTHS  CF  TCTL 

.  ACTIVE  - 

FED.  MIL  IT. 

SER  V 

T AIMS  1 

FEEQUZNCY 

CUM  FREQ 

PERCENI 

CUM 

PERCENT 

2 

1 

1 

0.035 

C.035 

7 

4 

5 

0.  142 

C.  177 

8 

2 

7 

0.071 

C.248 

c 

6 

13 

0.213 

0.461 

10 

1 

14 

0.035 

C.496 

1  1 

- 

17 

0.106 

0. 6C3 

12 

8 

25 

0.284 

C.867 

13 

S 

34 

0.3  19 

1.  2C6 

14 

c 

39 

0.  177 

1.3  83 

IE 

c 

44 

0.177 

1.560 

7  S 


16 

c 

53 

0.31S 

1.879 

17 

c 

58 

0.177 

2.057 

18 

c 

67 

0.3  19 

2.376 

IS 

i  i 

78 

0.390 

2.766 

2  C 

2 

6  1 

0. 1  Oo 

2.8  72 

21 

c 

86 

0.177 

3.050 

2  2 

c 

9  1 

0.  1  77 

3.227 

2  - 

1C 

1C1 

0.355 

3.582 

2a 

c 

1  10 

0.319 

5.9C1 

25 

c 

1  15 

3.177 

4.0  78 

2  6 

10 

125 

0.355 

4.433 

27 

8 

133 

0.284 

4.7  16 

26 

7 

140 

0.243 

4.965 

29 

c 

145 

0.177 

5.  1  42 

3C 

147 

0.071 

5.2  13 

2  1 

7 

154 

0.248 

5.461 

4 

158 

0.  1  42 

5.6C3 

c 

163 

0.  177 

5.780 

34 

4 

167 

0.  142 

5.922 

~  C 

- 

170 

0.106 

6.028 

36 

7 

177 

0.243 

6.277 

37 

1  C 

187 

0.355 

6.631 

38 

7 

194 

0.243 

6.879 

39 

c 

193 

0.177 

7.0  57 

4  C 

7 

206 

0.243 

7.3C5 

4  1 

6 

2  12 

0.2  13 

7.  5  18 

42 

6 

218 

0.213 

7.730 

43 

e 

2  23 

0.177 

7. 908 

44 

4 

227 

0.142 

£.050 

45 

76 

303 

2.695 

1C. 745 

46 

9  1 

394 

3.227 

13.972 

4  7 

248 

642 

8.794 

22. 766 

48 

1113 

1755 

39.466 

62.234 

49 

97 

1652 

3.4  40 

65.674 

5  C 

9  1 

1943 

3.227 

68.9C1 

5  1 

1  1  1 

2054 

3.936 

72.837 

5  2 

56 

2  1  10 

1.986 

74.823 

C  * 

5  1 

2161 

1.809 

76.631 

54 

6  1 

2222 

2.  163 

78.794 

55 

57 

2279 

2.021 

80.8  16 

56 

55 

2334 

1.9  53 

£_ . 766 

57 

48 

2382 

1-702 

84.466 

58 

34 

2416 

1.206 

85.674 

C  c 

57 

2473 

2.021 

87.695 

60 

53 

2526 

1.879 

89.574 

6  1 

59 

2565 

2.092 

91.667 

6  2 

53 

2638 

1.879 

93.546 

63 

36 

2674 

1.277 

94.823 

64 

30 

2704 

1.064 

95.887 

65 

16 

2720 

0.567 

96.454 

66 

22 

2742 

0.780 

97.234 

67 

1  3 

2755 

0.461 

97.695 

6  8 

20 

2775 

0.709 

98.4C4 

69 

1  5 

27  90 

0.532 

98.936 

70 

1  1 

2801 

0.3  90 

99.326 

7  1 

17 

26  18 

0.603 

99.929 

72 

2 

2820 

0.071 

1 CC. CCO 
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TABLE  I? 

Selected  Correlations 


1 AFM  £  1 

SUCCTAf 

SUCCESS2 

AE£lGf ES 

-0.089  30 
0.00  01 

-0.06108 

0.0012 

-0.05137 

0.0064 

AFClfCNl 

-0.077  55 
0.0001 

-0.05346 

0.0045 

-0.04182 

0.0264 

EN1EY1GE 

0.055  18 
0.0034 

0.02593 

0.1686 

0.056S8 

0.0025 

ENlFEATfG 

0.03578 

0.0575 

-0.00926 

0.6230 

C. 01083 
0.5653 

TEEfiEKIT 

0. 14720 
0.00  0  1 

0.02116 

0.2614 

0.05189 
0. CO  59 

CE  YEC 

0.07522 

0.0001 

0.07554 
0.000  1 

0. 11471 

C.C0C1 

HSIG 

0.  099  18 
0.00  01 

0.12117 

0.0001 

0.  15525 
C.0001 

NDEEX 

0. 08426 
0.0001 

0.04868 

0.0097 

0. 012C4 
0.522S 

KB21E 

-0.  109  83 
0.0001 

-0.06035 

0.0013 

-0.04767 
0.0  1  14 

El  AC  K 

0.  10220 
0.0001 

0. 05290 
0.0050 

0.02641 
C.  16C6 

C1EEE 

0.03329 

0.0771 

0.02342 

0.2139 

0. 04265 
0.0235 

SCEEEN 

-0.00478 

0.8022 

0.0746  1 
0.000  1 

0.  08 8 9  1 
C. 0001 

AICCMECS 

-0.05463 

0.0037 

-0.02  132 
0.2578 

0.00440 

0.8153 

ACEINSCE 

-0.07581 
0.00  01 

-0.0297  1 

0.  1  147 

-C.C2934 

0.1152 

SASVAE AE 

0.00263 
0.88  88 

0.01025 

0. 5864 

0.01356 
0.47  17 

SASVAEAI 

-0.06941 

0.0002 

-0.03415 

0. 0698 

-0.00654 

0.7285 

SASVAEAE 

-0.05163 
0.006  1 

-0.02568 

0. 1727 

-0.01734 

0.3574 

S ASVAEEI 

-0. 031 40 
0.0955 

-0.01303 

0.4893 

0.01707 

0.3648 

S AEVAEG1 

-0.01535 

0.4152 

-0.02107 

0.2633 

-0.007C8 

3.707C 

S ASVAEMC 

-0.06570 
0.000  5 

-0.04088 

0.0300 

-0.02361 

0.2101 

S ASV AE3K 

-0.03166 

0.0928 

0.00698 

0.7112 

0.02288 
C  .  2245 

IK  IE  5  19 
I N IE  E  20 
INIEE21 


0.00629 

0.7384 

-0. 056  23 
0.00  28 

-0.08291 

0.0001 


-0.0227  1 
0.2280 

-0.02818 
0.  1347 

-0.03788 
0.  0443 


C.C 

0. 


-0.0 

0. 

-0.02863 

0.1266 


:  ihe  first  number  is  the  correlation  be;  ween 

the  predictor  and  the  criterion,  tne  seccnc 
number  is  the  sig nificance  level. 


Note 
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APEOCIX  C 

BEGB EESION  ANAIISIS  PBOGBAMS 

Begressicn  aralysis  attempts  to  predict  or  explain  the 
values  cf  the  criterion  variable  with  one  or  moc e  predictor 
variance.  The  following  sections  expand  upon  the  discus¬ 
sion  cf  regression  aralysis  presented  in  Chapter  17. 

A.  BiCOlBEHElITS  AND  ASSOMP  TIC  fiS 

Sler  ccrducting  regression  analysis,  certa it  require¬ 
ments  must  te  met  or  assumed.  One  of  these  requirements  is 
the  use  cf  quantitative  variables.  5  Application  of  regres¬ 
sion  procedures  also  requires  normality  (the  value  cf  the 
dependent  variable  must  be  normally  distributed  at  eacn 
value  of  the  independent  variable)  ,  homoscedasticity  (the 
variaticr  around  the  regression  line  must  be  constant  for 
all  values  cf  the  independent  variable) ,  and  independence  of 
error  (the  residual  difference  between  an  observed  and 
predicted  value  cf  the  dependent  variable  must  be  indepen¬ 
dent  fcr  each  value  cf  the  predictor  variable)  .  Anctrer 
requirement  of  linear  regression  is  that  a  strai g ht- lire  cr 
linear  relationship  exist  between  each  independent  variable 
and  the  dependent  variable.  For  purposes  of  this  study,  and 
based  cr  initial  investigation,  these  requirements  are 
assumed  to  te  met.  however,  an  extensive  effort  to  evaluate 
these  assumptions  by  transforming  the  variables  or  employing 
complex  statistical  analysis  packages  has  net  teen 
conducted. 


5The  inclusion  cf  qualitative  or  categorical  variables 
in  recressicn  models  may  be  accommodated  through  the  use  of 
dummy 'variables. 
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STEfSISE  EEGBESS2CN 


The  £  AS  Stepwise  process  considers  each  of  the  candidate 
independent  variables  for  inclusion  in  the  model  by  deter¬ 
mining  the  contribution  the  variable  makes  to  the  ircdel. 
Inis  deter  nination  is  acccm plished  by  calculating  the 
partial  f  statistic  fer  the  variable,  and  adding  it  tc  the 
model  if  it  meets  the  specified  entry  significance  level. 
After  a  variable  is  added,  the  stepwise  method  then  lechs  at 
all  the  variables  in  the  model  and  deletes  any  variable  that 
does  net  provide  an  £  statistic  sufficient  to  meet  the  spec¬ 
ified  significance  level  for  remaining  in  tne  model.  This 
process  of  adding  ard  deleting  variables  continues  until 
none  cf  the  variables  has  an  F  statistic  significant  to 
enter  or  leave  the  model.6  £Bef.  12] 

C.  1 IN  £ IE  £EGB  ES5IO  B 

Simple  linear  regression  is  concerned  with  finding  the 
statistical  model  or  equation  that  best  "fits"  fhe  criginal 
data.  This  is  accomplished  by  defining  a  straight  line  that 
minimizes  tie  differences  between  the  actual  value  of  the 
dependent  variable  and  the  value  that  would  be  predicted 
from  the  fitted  line  of  regression.  The  3AS  Regression 
procedcre  uses  a  mathematical  technique,  the  least-squares 
method,  tc  produce  such  an  equation  for  the  best  linear 
model.  This  equation  provides  the  intercept  and  slcpe  of 
the  sample  predictor  variable.  Kith  multiple  linear  regres¬ 
sion,  these  slopes  represent  the  unit  change  in  the  depen¬ 
dent  variable  per  urit  change  in  the  independent  variable, 
taking  into  account  the  effects  of  the  other  independent 
variables,  and  are  referred  to  as  net  regression  coeffi¬ 
cients.  The  sample  regression  coefficients  of  the  predictor 


•This  study  used  the  SAS  Stepwise  default  significance 
level  cf  .15  for  variables  to  enter  or  remain  in  tne  model. 


TAEIE  XVI 

Sample  Validation  Program 


//AEVAIII  JCB  (2607,  C  110)  ,  *  D  CSLUND,  SMC  1  763  •  ,CL  AS  S  =  E 
//♦MAIN  C£G=NPGVMl. 26C7P 
//  I  SIC  SAS 

//FIIEIN  IE  DISP=SHE,DSN=M££. S28Q7.ADAII4 
//S Y  £  I N  ED  * 

CPTICNS  IS  =  80  NOCENTEF; 

*  THIS  PFOGFAM  CAJLCU1A1ES  TEE  VALIDITY  CF  A  REGRESSION 
MCE II  THROUGH  THE  CEE  OF  CROSS- VALIDATION  AND  DCUEIE 
CRCSS-VALIEATICN  TICKNIQUES.; 


IATA  IATA1: 

SET  FIIEIN. ADALL4 ; 

*  THE  BANDC M  VARIAELE  CREATED  IN  'ADNEWVAR*  IS  ND  W  USED 
TO  SPLIT  THE  DATA  APPROXI MAIELY  IN  HALF.  • DERI V  A '  IS 
TEE  DERIVATION  SAMPIE  AND  *  V ALIDA '  IS  IHE  HCLD-OUT  OR 
VA1IEATICK  SAMELE.  ; 

EATA  IEBIVA : 

SET  E AT A  1 : 

IF  FANIAIL1  =  1; 

EATA  ViLIEA: 

SET  E  AT  A  1 : 

IF  RANEAII1  =  0; 

*  A  EICCK  REGRESSION  IN  NOH  RUN  ON  DERIVA  TO  COMPUTE  AND 
OUTPUT  THE  PARAMETER  ESTIMATES  (BETAS)  THAT  RES  ULT 

FRCM  TEE  REGRESSION.  THE  BETAS  ARE  WRITTEN  TO  THE  DATA¬ 
SET  WCRK.EETAD.  TEE  MODEL  IS  GIVEN  THE  LABEL  •  TAFMHATV'; 

EROC  BEG  E A IA=DEBI V A  CUTES I  =  BETAE: 

TAFMHATV:  MOD  EL  TAFKS1  =  ADMINSCR  TER  MENU  DEPE  NDTS  EIACK 

HSEG  OTHER  NUSEX  /  SIE; 

TITLE  REGRESSING  ON  EERIVA; 


*  IHE  NEXT  STEP  IS  TC  APPLY  THE  REGRESSION  FORMULA  (THE 
BETAS)  TO  THE  DATA  IN  THE  VALIDATION  SAMPLE  AND  CALCULATE 
THE  PREDICTED  SCORE  FOR  EACH  CASE  IN  V ALIDA .  THE  FEEE- 
IC1EE  SCC  FES  ARE  WRITTEN  TC  WORK. PR ED1AF V .  SAS  USES  THE 
MODEL  LAB  El  (TAFMHATV)  AS  THE  VARIABLE  NAME  FOR  THE  V  ALIDA 
PREDICTED  SCORES.  THE  SCCfiE  PROCEDURE  PRODUCES  NO 
PRINTED  OUTPUT.; 

PROC  SCC FE  CUT  =  PEEDI AFV  TYPE=CIS  SCOEE=BETAD 
FJTA=VATTrA  P fi F f TTT • 

VAF  ADMINSCR  IERMENLI  d£fENDTS  BLACK 
HSDG  OTHER  NUSEX; 

*  TEE  EIRST  VALIDITY  COEFFICIENT  IS  NOW  CALCULATE D  BY  EINI- 
ING  TEE  CCRRELATION  EETWEEN  VAIIDA'S  ACTUAL  SCORES  AND 
VALID  A  'S  PREDICTED  SCORES.; 

PROC  CCBf  E  AIA  =  P EE ET  A FV : 

VAR  TAFMS1  TAFMEAlS: 

TITLF  FIRSI  VALIDITY  COEFFICIENT.; 
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*  NCR  1C  EEFEAT  1HE  PBOCESS  1C  01ILIZE  THE  DOUELE  CFCSS- 
V  AI II A1IC  >  TECHNIwCI.  THIS  TIME  A  REGRESSION  IS  F.UN 
ON  VA11IA  AND  IHE  FISUITING  EE1AS  (BETAV)  ARE  USED  1C 
PREIIC1  TEE  SCORES  CF  THE  CASES  IN  OEBI V A.  DEEIVA'S 
ACIDAI  ANI  PBEIIC1II  SCOfiFS  AEE  THEN  CORRELATED  10 
FINE  T£E  SECOND  VAIIDIIY  COEFFICIENT.; 

PEOC  BEG  £  ATA=  V  AIIDA  CUTEST=EE1A V  : 

IAFMHATIiMODEL  IAFSS1  =  ADMINSCR  TEEHENIl  DEPENC1S  EIACK 

ESI G  OTHEE  NUSEX  /  S1E; 

TITLE  EECEESSI NG  ON  VALIDA; 

PEOC  SCCFE  CUT  =  PEED1A FE  TYPE=CIS  SCOEE=BETAV 

r  ST  1  =  fFR  T  V  A  PRPTTrT* 

VAF  AIM1NSCE  1EB8IMT  ife  P  ENETS  BLACK 
HSDG  OTHEE  NUSEX; 

PEOC  CCBF  I ATA=PBEETAF£; 

VAE  TAFMS1  TAFMEATD; 

TITLE  SECOND  VALIDITY  COEFFICIENT; 

/* 

// 


as 


APiENEIX  Q 

DISCB1MNANT  ANALYSIS  PEOGBAMS 


1 

i 


i 


l 


liscriminant  Analysis  allows  observations  to  be  classi¬ 
fied  into  two  cr  mcxe  groups  or  the  basis  of  one  or  mere 
numeric  variables.  The  following  sections  expand  upon  the 
discussion  cf  discriminant  analysis  presented  in  Chapter  IV. 
for  illustration,  Table  XVII  shows  the  program  usee  to 
produce  tie  classif ication  matrices  for  the  derivation  and 
validation  samples  foi  Model  A. 

A.  BICOlBIflENTS  AND  ASSUMPTIONS 

As  was  the  case  with  regression  analysis,  discriminant 
analysis  also  reguires  that  certain  basic  assumptions  be 
met.  lirst,  the  observations  in  the  data  set  should  be 
members  cf  .two  ci  more  mutually  exclusive  groups. 
Therefore,  the  groups  must  he  defined  so  that  each  case  will 
belong  to  only  one  group.  Another  statistical  property 
required  cf  discriminating  variables  is  that  they  may  net  be 
linear  combinations  cf  other  variables.  Tnus,  the  sum  or 
average  of  several  variables  may  not  be  used  along  with 
those  variables.  There  are  three  other  assumptions  to  be 
considered.  The  population  covariance  matrices  must  be 
equal  for  each  group,  each  group  is  to  be  drawn  from  a  popu¬ 
lation  which  has  a  multivariate  normal  distribution,  and 
discriminating  variables  must  be  measured  at  the  interval  or 
ratio  levels.  Ideally,  these  variables  will  be  continuous, 
tut  they  need  net  be.  £Bef.  17]  This  study  assumes  these 
requirements  have  beer  met.  However,  an  effort  to  evaluate 
these  picpenties  was  net  conducted  since,  in  practice,  the 
discriainant  analysis  technique  is  rather  robust  and  can 
tolerate  scae  deviation  from  these  assumptions  [Bef.  18]. 
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f. 


lie  first  step  cf  discr iminant  analysis  is  to  weignt  ard 
linearly  combine  the  discr ini r a  ting  variables  so  that  the 
groups  will  be  as  statistic  ally  distinct  as  possible.  Ine 
derived  equations,  called  discriminant  functions,  combine 
the  creep  characteristics  using  a  measure  of  generalized 
squared  distance7  that  will  allow  one  to  identify  the  croup 
to  which  a  case  belongs  or  most  closely  resembles. 

The  classification  process  may  assume  that  membership  in 
a  group  has  equal  likelihood  of  occurring.  However,  it  may 
be  mere  desirable  tc  incorporate  the  prior  probability  of 
group  membership  into  the  classif ication  function  tc  improve 
prediction  accuracy  or  minimize  the  cost  of  prediction 
errors.  In  this  study,  membership  in  a  success  group  was  on 
the  erder  cf  80  percent.  Therefore,  it  was  appropriate  to 
consider  prior  pr obabilities  so  that  those  cases  predicted 
as  unsuccessful  would  be  classified  as  such  only  if  strong 
evidence  exists  that  they  belong  there. 

The  ultimate  concern  in  developing  a  mathematical  model 
is  that  it  predict  well  or  provide  a  reasonable  description 
cf  the  real  world.  Cnee  a  model  is  developed  which  provides 
satisfactory  discrimination  for  cases  of  group  membership, 
classification  functions  may  be  derived  and  applied  tc  tne 
classif ication  cf  new  cases  with  unknown  group  membership. 
A  goed  test  of  the  adequacy  and  accuracy  of  the  discriminant 
model  is  the  percentage  of  correct  classifications,  ccmmorly 
called  the  "hit-rate".  Ihis  test  is  accomplished  by 
applying  the  classification  function  to  tne  known  cases  ficm 
which  tie  function  was  derived.  The  percentage  of  correctly 


7The  procedure  conducted  a  likelihood  ratio  test  of 
homogeneity  of  the  within-greup  covariance  matrices  for  each 
model.  This  test  was  statistically  significant  fer  each 
model.  Therefore,  the  within-group  matrices  were  used  as 
the  basis  cf  the  measure  of  generalized  squared  distarce  in 
developing  the  classif icati cn  criterion.  [Bef.  12J 


classified  cases  provides  an  indication  of  the  accuracy  of 
the  procedure  and  irdirectly  confirms  the  degree  cf  greup 
separation.  The  results  may  he  depicted  in  a  classification 


matrix. 


TAE1I  XVII 

Sample  D iscrimirart  Analysis  Program 


//DISCPGMS  JOB  (2807. Cl 10)  ,  *E  CSLUND,  SMC  17o 3' ,C LAS£=E 

//♦MAIN  CF.G=NPGVM1 . 2£C7P 

//  EXEC  c  A  c 

//Fill IN  IE  DISP=SHF,DSN=MSS.S28G7.ADALL4 

//SI  SIN  IE  * 

CPTICNS  IS  =  £0  NOCENTEF : 

*  THIS  POFPCSE  OF  THIS  PfiOGBAM  IS  TO  ALLOW  THE  ViLIDIIY 
OF  A  I1SCBIMIN  ANT  MODEL  TC  EE  INVESTIGATED.  A  CLASS¬ 
IFICATION  FUNCTION  IS  DERIVED  FROM  THE  DERIVA  S  AMPIE 
ANE  THIS  FUNCTION  IS  USED  TC  CLASSIFY  THE  CASES  IN  IHE 
VALUATION  (OB  HC1I-CUT)  SAMPLE.  IHE  TWO  CIAS  SI  F  IC  AT  10  ft 
MA1EICIES  ARE  THEN  CSED  TC  ALLOW  THE  'HIT  RATE’  ON  EACH 
SAMPLE  TC  EE  CALCULATED. ; 

DATA  I  AT A  1  ; 

SET  FILEIN.  ADA1L4  ; 

*  USING  TEE  RANDOM  VAFIAELE  TC  SPLIT  THE  SAMPLE  APPROXIM¬ 
ATELY  IN  EALF.  ; 

EAT A  EEEIVA  : 

SET  I  AT A  * : 

IF  £  A  NI ALII = 1  ; 

DATA  V  ALII  A  : 

SET  EATA1: 

IF  £ANIAL11=0; 

*  CAICUIATI KG  THE  CL ASSIFIC ATIC N  MATRIX  FOR  DERIV  A  ANE 
WRITING  OCT  THE  CL ASSIFIC ATIC N  FUNCIION  DERIVED  FROM 
DERIVA  TC  RORK.D .  ; 

EROC  L 1 SCRI M  DAT A=DEF1 VA  OUT  =  E  PCCL=TEST; 

CLASS  CCCCTAF* 

V A£  DEPENDTS  flSDG  BLACK  TEBMENLT 

NCSEX  OTHER  ADMINSCR; 

PRICPS  PFOPCRTION AL: 

TITLE  ELSCEIM  ON  DERIVA. ; 

*  NOW  TEE  CLASSIFICATION  FUNCTION  FROM  DERIVA  IS  USEE  IC 
CLASSIFY  THE  CASES  IN  VALIDA. ; 

PROC  E I  SCRIM  D AT  A=D  IESIDAT A  =  VALIDA ; 

1ES1C1ASS  SOCCTAF  • 

TITLE“DE£IVA"  S  FUNCllCN  APPLIED  TO  VALIDA.: 


Agf ENIIX  E 

OTIIJTX  ANAIXSIS  gfiGGBAMS 

Ihis  appendix  provides  further  details  of  the  irfccaa- 
tion  ccrtaiced  in  Chapter  V,  and  gives  examples  of  the  SAS 
programs  and  outputs. 

A.  CAICGIAUOH  CF  CEI1  P£0 EAEI1I1IES 

lie  nethod  used  tc  calculate  ceil  probabilit ies  in  this 
study  depends  on  whether  a  regression  or  a  discriminant 
model  is  being  evaluated.  A  regression  model  can  he  viewed 
simply  as  a  formula  for  calculating  predicted  scores, 
whereas  a  discriminant  model  actually  classifies  cases  as 
predicted  successes  or  predicted  failures.  Eecause  of  this 
difference,  the  calculation  of  cell  probabilities  is  mere 
complicated  for  regression  models  than  for  discriminant 
models. 

1  *  f egression  Models 

A  regression  model  and  the  data  from  wnich  it  was 
developed  provide  irfermatier  on  the  predicted  ard  actual 
scores  for  each  case.  In  order  to  classify  these  cases  into 
the  four  selection  outcomes,  the  cut  score  on  the  predictor 
and  the  score  on  the  criterion  above  which  people  are 
considered  to  be  successful  must  be  known.  If  the  criterion 
is  constructed  as  a  dichotomous  (success/fail)  variable, 
then  the  cases  assigned  a  value  of  "one"  are  considered 
successful  and  those  with  a  value  of  "zero"  are  considered 
unsuccessf ul.  If  the  criterion  is  a  continuous  variable 
(such  as  length  of  service)  then  a  value  on  the  scale  must 
be  chosen  as  the  dividing  line  between  success  and  failure. 
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tion  ratio,  cell  probabilities  are  calculated  for  e 
irany  possible  cut  scores,  ■  and  a  cut  score  is  ever 
choser  based  on  which  set  of  cell  probabilities  max 
the  utility  of  the  model.  In  a  data  set  containing 
and  predicted  scores,  different  sets  of  ceil  protati 
can  be  calculated  if  each  predicted  score  is  conside 
be  a  cut  score.  Tatle  XVIII  contains  five  pairs  of 
and  predicted  scores  which  will  be  used  to  illustra 
method . 


TAB  IE  XVIII 

Illustrative  Actual  and  Predicted  Scores 


Actual  Criterion 
Score 

50 

44 
4  S 
46 

45 


Predicted  Criterion 
Score 

44 

46 

47 

49 

50 


In  this  illustration ,  cases  who  serve  4  8  men 
longer  are  considered  to  be  successful.  Each  dii 
predicted  score  will  be  considered  as  a  cut  score  an 
counts  for  each  cut  score  will  be  calculated.  If  t 
score  is  44  months,  then  all  cases  with  a  predicted  sr 
44  months  or  mere  will  be  accepted,  and  those  w 
predicted  score  of  less  than  44  months  will  be  regecte 
this  example,  for  a  cut  score  of  44,  all  cases  w 
accepted.  No  cne  is  rejected,  tnerefore,  vaiid  neg 
and  false  negatives  will  be  zero.  Of  the  five 
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accented,  three  have  actual  ICS  of  48  months  cr  mere 
(successes).  Therefore,  tne  number  of  valid  positives  is 
tnree.  Twc  of  the  five  cases  accepted  had  actual  ICS  cf 
less  than  46  months  (failures).  Therefore,  false  positives 
till  he  two.  Thus  the  first  set  of  cell  probabilities  that 
result  when  the  cut  score  is  44  are:  PVP  =  3/5,  PFP  =  2/5, 
PFN  =  0  and  PVN  =  0.  The  next  set  of  cell  pr ohahilities 
will  result  when  46  months  is  considered  to  be  the  cut 
score.  Cne  case  had  a  predicted  LOS  of  less  than  46, 
Therefore,  he  would  he  rejected.  His  actual  LOS  is  50 
months,  sc  he  was  falsely  rejected,  i.e.  FN  =  t.  He  cne 
else  was  rejected  so  VN  =  0.  Four  cases  had  a  pceoictec  ICS 
cf  46  cr  greater  so  all  four  would  be  accepted.  Cf  these 
four,  two  tad  actual  ICS  of  less  than  48  months  (FP) ,  and 
two  had  actual  ICS  of  48  months  or  more  (VP) .  Thus  for  a 
cut  sc  ere  cf  46,  PVP  =  2/5,  PFP  =  2/5,  PFN  =  1/5  and  PVN  = 
C.  This  process  is  repeated  until  five  sets  of  cell  prob¬ 
abilities  (one  for  each  different  predicted  score)  are 
calc  ulated. 


2.  liscriminant  tcdels 


In  a  discriminant  model  the  criterion  is  a  categor¬ 
ical  (0,  1)  variable-  The  output  from  the  SAS  Discriminant 
procedure  is  a  twc  by  two  table  where  the  cases  are 
predicted  to  be  either  a  "zero"  or  a  "one",  and  the 
prediction  is  compared  to  the  actual  score.  Table  XIX  gives 
an  abbreviated  example  cf  the  output  from  the  discriminant 
procedure. 

The  columns  are  the  model's  predicted  scores  fer  the 
050  cases  in  this  hypothetical  sample.  Here  the  model 
predicts  that  300  of  the  cases  will  score  "zero"  on  the 
criterion,  and  it  predicts  that  450  of  the  cases  will  score 
a  "one"  cn  the  criterion.  The  rows  are  the  actual  scores  of 
the  cases.  250  people  actually  scored  "zero"  (failures)  and 


TAE1E  XIX 

Illustrative  Discriminant  Example 


Predicted 


Tot  al 


Actual 


Total  300  450  750 

500  people  actually  scored  "one"  (successes) .  Because,  in 
eifect,  tie  discriminant  procedure  chooses  its  own  cut 
score,  the  four  cell  probabilities  can  be  derived  directly 
from  the  output.  The  predicted  "ones"  are  people  that  the 
model  classifies  as  accept.  Of  these  450,  150  actually 

failed  sc  they  are  false  positives,  and  the  remaining  500 
here  successful,  so  they  are  valid  positives.  Of  the  500 
cases  that  the  model  would  have  rejected  (predicted 
"zeros"),  100  were  failures  (valid  negatives)  ind  ICO  were 
successes  (false  negatives)  .  Again  the  cell  probabilities 
are  found  hy  dividing  each  count  by  the  number  cf  cases. 
Therefore,  EVP  =  300/750,  FFF  =  150/750,  FFN  =  200/75C  and 
FVN  =  ICC/750.  For  a  discriminant  model,  there  is  cnly  cne 
set  cf  cell  probablities  to  be  calculated. 

E.  EE  3IEATION  Of  CE1I  UTILITIES 

Ir  order  tc  calculate  the  overall  utility  if  a  model, 
utilities  associated  hith  each  selection  outcome  need  to  be 
estimated.  "Although  the  assignment  of  utility  values  to 
outcomes  may  very  well  be  the  'Achilles  Heel'  of  decision 
theory,  it  is  not  a  problem  that  can  be  ignored  by  any 
institution  that  makes  personnel  decisions."  [Ref.  19] 

Ideally  each  selection  outcome  should  have  a  uniguely 
estimated  utility.  Eecause  of  the  difficulty  in  estimating 


utilities  fcr  each  outcome  (particularly  for  the  false  and 
valid  negatives) ,  relative  utilities  are  estimated.  It  is 
apparent  that  a  person  who  is  correctly  selected  (valid 
positive)  has  a  positive  worth  to  the  organization.  A 
reasonable  estimate  cf  this  wcrth  is  the  marginal  product  of 
the  employee.  In  this  study  it  is  assumed  that  the  navy 
compensates  sailors  at  the  full  value  of  their  marginal 
product,  and  the  Billet  Cost  Model  provides  an  estimate  of 
the  ccst  to  the  Navy  of  staffing  a  hillet  [Ref.  16]. 
Eecause  relative  utilities  are  the  issue  at  this  time,  the 
utility  cf  a  valid  positive  (01)  is  assigned  the  value  of 
♦  1. 

It  is  a  reasonable  assumption  that  the  utility  cf  a 
false  positive  is  a  negative  cumber.  As  the  employee  was 
not  judged  to  be  successful,  his  marginal  product  was  prcb- 
aoly  less  than  the  marginal  cost  to  keep  him  in  the  jet.  In 
addition  a  poor  performer  may  adversely  affect  the  perform¬ 
ance  and  productivity  of  his  fellow  employees,  and  when  he 
leaves,  additional  expense  is  necessary  to  find  a  replace¬ 
ment.  Cn  the  other  hand,  it  is  unlikely  that  a  poor 
performer  dees  net  contribute  anything  to  tne  organization, 
and  thus  it  is  obviously  difficult  to  estimate  the  magnitude 
cf  the  disutility  of  a  false  positive.  In  this  study  a 
minor  form  cf  sensitivity  analysis  is  undertaken  to  circum¬ 
vent  this  estimation  difficulty,  and  expected  overall  utili¬ 
ties  are  calculated  for  three  different  relative  values  of 
false  positive  utility  (02)  .  These  values  are  -.5,  -1,  and 
a  relatively  extreme  assumption,  -2. 

The  disutility  of  a  false  negative  is  also  difficult  to 
estimate,  partly  because  it  is  net  known  what  happens  tc  the 
applicant  after  he  is  rejected.  If  the  Navy  rejects  an 
applicant  tc  the  AD  rating  hut  accepts  him  in  another  rating 
where  te  is  subsequently  successful,  then  his  disutility 
could  te  reasonably  argued  to  he  zero.  If,  however,  the 
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Navy  rejects  him  altogether  when  he  would  have  fceen 
successful  if  selected,  then  the  costs  of  attracting  and 
testing  him  are  wasted  and  additional  costs  are  required  to 
attract  and  test  another  applicant.  These  costs  will  depend 
cn  the  state  of  the  recruiting  market  at  the  time.  If  there 
are  many  good  guality  applicants  then  the  disutility  of 
rejecting  a  potentially  successful  applicant  may  he  small. 
Again,  as  a  type  of  sensitivity  analysis,  three  relative 
values  fcr  the  utility  of  a  false  negative  ( U 3)  are  consid¬ 
ered;  0,  -.25  and  -.!. 

It  is  net  obvious  that  any  utility  should  be  assigned  to 
04,  the  utility  cf  a  valid  negative.  The  person  would  have 
failed  anyway,  so  nothing  was  gained  by  rejecting  him. 
however,  when  viewed  from  an  economist's  viewpoint  in  rela¬ 
tion  tc  opportunity  costs,  the  fact  tnat  the  person  was 


correctly  rejected  means  that  the  organization  did  net  have 
to  bear  the  cost  of  incorrectly  accepting  someone  who  turns 
cut  tc  be  unsuccessful.  Thus,  correctly  rejecting  an  appli¬ 
cant  is  cf  egual  and  opposite  utility  to  incorrectly 
accepting  him.  Therefore,  04  =  -U2. 

The  use  of  relative  utilities  is  a  convention  to 
simplify  tne  estimation  of  cell  utilities.  In  the  above 
discussion  relative  utilities  are  estimated  on  the  tasis 
that  the  utility  of  a  valid  positive  is  el.  However,  the 

values  of  LI  through  04  that  are  used  in  the  formula  fcr 

overall  expected  utility,  (Zguation  5.1),  need  tc  be 
expressed  in  actual  dcllars.  As  mentioned  above,  the  Eillet 
Cost  todel  is  used  tc  estimate  the  utility  of  a  valid  posi¬ 
tive.  The  standard  manyear  cost  of  an  E-4  Aviation 
Cachirist's  Mate  is  124,163.  This  cost  comes  from  financial 
year  1985  data  and  represents  the  total  cost  to  the  Navy  of 
creating  and  filling  a  jot  slot  over  one  full  year, 

[fief.  16]  A  utility  of  *1  is  therefore  equivalent  to 

♦  $24,163,  a  utility  cf  -.5  will  be  -$  12,082,  and  so  cn . 


C.  fBCGfAflS  USEE  TO  CALCULATE  UTILITIES 


As  mentioned  in  Section  A.  above,  the  calculation  of 
cell  probabilities  fcr  a  regression  model  is  a  fairly 
tedious  and  repetitive  procedure.  This  section  certains 
three  sample  programs  used  to  calculate  the  expected  utility 
cf  a  model.  Explaratory  comments  are  provided  fcllcwing 
each  set  cf  SAS  statements.  The  first  program  (Table  XX) 
computes  the  predicted  criterion  score  for  each  case  and 
writes  the  results  cut  to  a  file  called  "RIXHATA".  Table 
XXI  shews  part  of  tie  output  from  the  first  program.  The 
second  program's  main  purpose  (Table  XXII)  is  to  calculate 
the  cell  pr ebabilities  that  would  result  if  each  different 
predicted  score  were  used  as  a  cut  score.  The  cell  prob¬ 
abilities  are  writter  out  tc  a  file  called  "RTUTILA".  The 
program  also  calculates  the  expected  utilities  for  one  set 
cf  cell  utilities  and  outputs  the  30  largest  utilities  that 
result  (Table  XXIII) .  The  third  program  (Table  XXIV)  calcu¬ 
lates  the  utilities  for  six  different  sets  cf  cell 
utilities. 

As  explained  befere,  only  one  set  of  probabilities 
results  frem  a  discriminant  acdel  and  these  can  be  readily 
gained  frem  the  discriminant  output.  No  programs  were  used 
to  calculate  the  expected  utilities  of  a  discriminant  model 
and  these  calculations  were  dene  by  hand. 

£.  CALCULATION  CF  BASE  LINE  UTILITIES 

As  described  in  Chapter  V,  the  utility  of  the  Navy's 
original  selection  strategy  (the  base  line  utility)  needs  to 
be  calculated  in  order  for  comparisons  to  be  made. 
Observation  4  in  Table  XXIII  demonstrates  that  when  all  the 
cases  are  accepted  (41.0774  is  the  lowest  predicted  sccre)  , 
the  selection  ratio  is  obviously  1  and  PVP  =  .860636  (which 
is  the  base  rate)  ard  PF?  =1  -  PVP  =  .  13S362.  No  one  is 
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rejectee,  therefore  PFN  and  EVN  are  zero.  The  expected 
utility  under  these  circumstances  is; 

EU  =  .860€;8{$2  4,  16  2)  ♦  .139362  (-S  12,082)  ♦  C  *■  0  =  119,112 

As  Table  XXIII  shows,  the  maximum  utility  occurs  waen 
the  cut  score  is  slightly  higher  than  the  lcwes  t  predicted 
score  (there  are  five  cases  with  a  predicted  score  of  less 
than  42.2692  in  Table  XXI).  This  maximum  utility  (119,125) 
is  .12  percent  greater  than  the  base  line  utility  of 
119,  112. 
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T  ABLE  XX 

First  Gtility  Aialysis  Program 


//SE  I l III 1  JOB  (2840,0104)  ,  »SEI  CLARK ,  SMC  1 560* ,  Cl A£S  =  E 
✓/♦MAIN  CBG=NPGVMl.2c4QP 
//  EXEC  £  A  £ 

//FIII3N  ££  DISE=SH£.DSN=MSS.S2807.ADALL4 

//FIX  EC  Cl  C£  UNI 1= 3320V, MS VGE=2UE4A,DISP=(NEW, CAT LG,  DELEI  E)  , 
//  D£E=MSS.S28  40.BIYH  AIA, 

//  DCB  =  (ELKSI2E  =  640C) 

✓/SY£IN  ££  * 

CETIC  NS  I£=  £0  NOCENIEB; 

♦  THE  EUBECSE  Of  THIS  EBOGEAM  IS  TO  CALCULATE  THE  PREI2CTED 
SCCBE  ECS  EACH  CASE  (USING  THE  MODEL  DEVELOPED  2RE- 
ICCSIY),  AND  TO  HBITE  OUT  TEE  ACTUAL  ANE  2 ESDI  Cl£ E 
SCCE££  TO  A  FILE  If  MASS  STORAGE.; 

£ ATA  £ A I A 1 : 

SET  EIIEIN.  ADALL4  ; 

RENAME  TAFMS1=Y; 

♦  RENAMING  THE  CEITEEION  VAE1AELE; 

EEOC  EEG  £  ATA=  DATA  1  CCTEST=  EET AS ; 

YHAT: MODEL  Y  = 

DEE E NETS  ESDG  ELAC ¥  OTHER  NUSEX  TERMENLT  ADMINS  OR  /  STE; 
TITLE  EICCK  REGRESSION  TO  ODTEOT  BETAS.; 

EROC  SCORE  CUT=PEED Y  TYPE=OIS  SCCRE=BETAS  DAI A=DAT A 1  ESED1CI 
VAR  EEEENDTS  HSDG  HACK  OTtEE  NUSEX  TERMENLT  ADMINSCE; 

♦  CAICOLATES  THE  PEEEICTEE  SCORES,  AND  WRITES  THEM  TC 
DATASET  *P  REDY ' . 

NOTE:  THE  SCOBE  EROCEDURE  TAKES  THE  MODEL  LABEL  (Y  EAT) 

AND  USES  TEAT  LA  EEL  AS  THE  VARIAELE  NAME  fCE  Ifcl 
PREDICTED  SCORE.  ; 

EATA  EEEEY2; 

SET  EEEDY; 

KEIE  YHAT  Y  SDCCTAE; 

EROC  SCET  £  £TA  =  P RED Y2  CUT=F 3LECUT. 2TYHAIA; 

BY  YHAT; 

♦  SORTS  TEE  OUTPUT  fILE  INTO  ASCENDING  YHAT  ORDER, 

AND  SRITES  0 GT  TEE  SORTED  DATA  TO  MASS  STORAGE. ; 

TAT A  TE  • 

SET  filled.  RTYHATA; 

IE  N  LE  10  OR  (  N  GT  1270  AND  N  LE  1280) 

-  OR  _j_U_~GT  27  90;  - 

EROC  EEINT  £ATA  =  TEST  SPLITS; 

LAE  EL  Y=ACICAI*CEIIERICN*SCCBE 

YH AT=PR  E EICT EE*CRIT ERICN*SCORE 
SUCCIAF=SUCCESS  C  R*CRITEEIC  N  ; 

TITLE  TIE  FIRST  10,  MIDDLE  10  AND  LAST  30  OBS  OF  RTYHATA; 
TITLE2; 

TITLES  NOTE:  SORTED  IN  ASCENDING  ORDER  OF  YHAT.; 

EROC  GNIVABIATE  £ATA=EIL£OUT. RTYHATA  PLOT; 

VAR  YHAT  Y  SUCCTAf: 

TITLE  STATS  OF  THE  ACTUAL  AND  EREDICTED  CRITERION  SCORES: 


TAE1£  ZII 

Partial  Output  from  the  First  Utility  Program 


FIBST 

io,  jhidle 

10  £ ND  LAST  30  03S  CF  S 11  HA  1 A 

NOTE: 

SOB1ED  IN 

ASCENDING  OEDEE 

OF  YH  AT. 

C££ 

ACTUAI 

CE  I  TEE  ION 
SCOEI 

SUCCESS  ON 
CEI1EBION 

PREDICTED 

CEITERICN 

SCORE 

1 

45 

0 

41.0774 

2 

22 

0 

41.0774 

66 

1 

42.0297 

4 

12 

0 

42.  02S7 

c 

16 

0 

42.8960 

6 

2  1 

0 

42.  2692 

7 

1  1 

0 

43.2692 

6 

54 

1 

42.2692 

c 

46 

1 

43.2692 

id 

46 

1 

42.2692 

1 1 

5  C 

1 

46.7601 

12 

5  1 

1 

46.7601 

11 

47 

1 

48.7601 

14 

46 

1 

48.7601 

If 

66 

1 

46.7601 

16 

7  1 

1 

46.7601 

17 

46 

1 

48.7601 

IS 

32 

0 

46.7601 

IS 

46 

1 

48.7601 

2C 

4  S 

1 

46.7601 

2  1 

46 

1 

56.8469 

2  2 

51 

1 

56.8469 

2  2 

56 

1 

56.8469 

24 

59 

1 

56.8469 

2  f 

52 

1 

56.8469 

26 

7  C 

1 

56.8469 

27 

5  1 

1 

56.8469 

2  6 

60 

1 

56.8469 

2S 

4  S 

1 

56.8469 

30 

5  C 

1 

56.8469 

2  1 

56 

1 

57.7992 

32 

6  C 

1 

57.7992 

~  3 

54 

1 

57.7992 

34 

27 

0 

57.7992 

•;  c 

36 

0 

57.7992 

36 

54 

1 

57.7992 

37 

52 

1 

57.7992 

36 

6  ^ 

1 

57.7992 

■;  c 

66 

1 

57.7992 

4C 

54 

1 

57.7992 

4  1 

5  1 

1 

57.7992 

42 

66 

1 

57.7992 

42 

64 

1 

57.7992 

44 

64 

1 

57.7992 

45 

72 

1 

57.7992 

46 

62 

1 

58.0774 

47 

64 

1 

59.1512 

46 

52 

1 

59.3928 

4  S 

62 

1 

6  1.21  15 

50 

46 

1 

6  1.21  15 

102 


TA HLE  XXII 

Second  Utility  Analysis  Program 


//SEIC1II2  JOB  (2840  .  C  104)  ,  ' SEX  CLARK ,  SMC  1560* ,CLASS=  E 
//*« AIN  CRG=NPGVfl1.2c40F 
//  EXEC  S AS 

y/SAS.WCEK  CD  SP ACE=  (CYL , ( 1 2 -4 )) 

//FIX IIN  EC  DISP=SHR,DSN=MSS. 52 840 . R TYHAT A 

//FIIECUT  CC  UNIT=33 3C V, MSV GP=PU B4A, DISP=  (NEW, CATLG,  DELHI) 

//  DSN=MSS.S284C.RTUTILA, 

//  £CB=  {£1KS12£  =  64Q 0) 

y/SYSIN  CC  * 

CPIICNS  IS  =  8Q  NOCENI If ; 


*  THE  PURPOSE  OF  THIS  PROGRAM  IS  TO  WRITE  OUT  A  FILE  TC  MASS 
STORAGE  WHICH  CONTAINS  THE  VALUES  OF  PVP,  PEP,  PEN  ANC  PVN 
THAT  RESULT  WHEN  EACH  PREDICTED  SCORE  IS  USED  TC  SEPARATE 
THE  CASES  INTO  ACCEPT  AND  REJECT  GROUPS  (IE.  OUTPUT  THE 
CEI1  PECE ABILITIES  THAT  RESUIT  WHEN  EACH  PREDICTED  SCCRE 
IS  t  SEE  AS  A  CCTTING  SCORE). 

THE  INPUT  FILE  CONTAINS  3  VARIABLES,  AND  THE  OBSERVATIONS 
(OR  CASES)  ARE  SORTIE  IN  ASCENDING  ORDER  CF  ' Y  H AT  ' .  YH  AT 
IS  TEE  PREDICTED  LCS  (FROM  TEE'  MODEL  DEVELOPED  EARLIER)  CF 
EACH  CASE,  'Y'  IS  TEE  ACTUAL  ICS  IN  MONTHS  AND  'SUCCTAT' 

IS  A  DUMMY  V  ARIA  El E  WHERE  EACH  CASE  IS  CATEGORIZED  AS  A 
SUCCESS  (1)  OR  AS  A  FAILURE  (O)  .  ; 

DATA  I  AT  A 1 : 

SET  FILEIN. RTYHATA; 

DROP  Y; 

RENAME  SCCCTAE  =  Y; 

*  THE  DATA  IS  READ  IN  AND  THE  ACTUAL  LOS  IN  MONTHS  VARIABIE 
IS  CROPPED  AND  THE  DUMMY  V ARI ABLE  IS  RENAMED  'Y'.; 

PROC  SUMMARY  DATA=DATA1; 

VAR  Y: 

COTPE  i  C CT=  D A TA2  SCM=NSUCC  N  =  NCASE  ; 


(NSUCC)  15 
‘  ""TEER 


*  HERE  TEE  NUMBER  OF  SUCCESSFUL  CASES  IN  THE  DATA 

FOUND  EY  SUMMING  TEE  I'S  AND  0»S  IN  VARIABLE  •  Y*.'  ANC 
V ARIAEIE  '  NC  A  S  E '  IS  CREATED  WHICH  IS  THE  NUMBER  OF  CASES 
IN  THE  DATA.  THESE  TWC  VAEIAELES  (EACH  A  SINGLE  NUMEER) 
ARE  WRITTEN  TO  DATA  SET  WCRK . DATA2.  ; 


DATA  I  AT  A3  : 

IE  N  EC  1  THEN  SET  DATA 2 ; 
NFJlI-=  NCASE-NSUCC; 

SET  EATA1: 


THE  VAEIAELES  NCASE.  NSUCC  AND  NF  AIL  (THE  NUMBER  OE  U  NS  UC- 
CESSEUI  CASES  IN  IEl  DATA)  ARE  ADDED  TO  DAT  A 1 .  NCASE. 
NSUCC  AND  NF AIL  ARE  EACH  SINGLE  NUM3ERS  THAI  ARE  REPEATED 
FCR  EACH  OBSERVATION.  EG.  NCASE  IS  A  COLUMN  OF  SCO'S 
(SAY),  NSUCC  IS  A  COLUMN  CF  325'S  (SAY)  AND  THEREFORE 
NFA1I  IS  A  COLUMN  Cl  175'S.: 
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I AT  A  EA1A4: 

5  £  1  DATA'5* 

U 1=  2*1631  U2  =  -12C82;  0 3=  -6041;  U4  =  12032; 

RETAIN  N2*RO  0: 

RETAIN  IASTYHAT  0; 

If  Y  H  AT  NE  LASTYHA1  THEN  LINK  CA1CS;  ELSE  LINK  ZEECS; 
If  Y=  C  THEN  NZERC=NZEBO+ 1; 

1 A  £  3  Y  fc AT  =  YH AT ; 

RETURN; 

CALCS:  VP  =  N£UCC-(  N  -1-NZERO); 
ff  =  NfAIL-f'ZESO; 
fS  *  N  -1-NZERO; 


VN  =  H2ERC 


*41  U  4  iJ  M  y 

0  TIL  =  (U1*VP  +  U2*fP  + 
£  RATIO  =  (VE  +  FP) /NCASE; 
SOCCfiATE  =  VP/  (Vp  +  FP)  ; 


ZEfCS : 


RETURN; 

VP  =  0; 
UTIL  =  0; 
RETURN ; 


IP  =  0  ; 
SEATIO  =  0; 


U3*FN  +  U4*VN)  /  NCASE  ; 


FN  =  0; 
SOCCBATE  =  0; 


*  THIS  IS  TEE  HEART  Cl  THE  PROGRAM  WHERE  SUBTLE  LCC-IC  IS 
EMEICYEE.  •  N  Z  E  EO  '  IS  A  COUNTER  WHICH  COUNTS  THE  NUMEEE  CF 
0'S  IN  THE  * Y'  VARIABLE  DCWN  TO  AND  INCLUDING  THE  LINE  (OR 
OBSERVATION)  CONTAINING  THE  ,CU£RENT,  CUTTING  SCORE. 

FOR  EXAMPLE,  If  THE EE  ARE  150  ZEROS  AND  250  ONES  AMONG  THE 
FIRST  4C0  03S.  OF  'Y',  THEN  THE  400TH  OBS.  CF  ' NZEFC '  KILL 
BE  150.  IF  THE  401S1  OBS.  Of  '  Y*  IS  A  ZERO  THEN  TEE  401SI 
OBS  Cf  *  N 2 EH 0 '  HILI  BE  15  1.  TO  CONTINUE  THE  EXAMPLE, 
BECACSI  TEE  INPUT  EAIA  IS  SCRIED  IN  ASCENDING  ORDER  Cf 
'YEA!!',  TEE  400  CASES  PRECEDING  THE  4Q1SI  CASE  (WHICH  IS 
THE  CURRENT  CUTTING  SCORE),  WOULD  ALL  BE  CLASSIFIED  AS 
REJECT  BECAUSE  THEIR  PREDICTED  SCORE  IS  LESS  THAN  THE 
CUTTING  SCORE.  THE  400TH  OBS.  OF  ' NZERO '  TELLS  US  HOW 
MAKY  Cf  TIESE  REJECTED  CASES  WERE  FAILURES  AND  TBEHEFCRE 
VN  *  NZERC.  ' NFAIL '  IS  THE  TOTAL  NUMEEE  OF  CASES  THAT 
FAILED,  THEREFORE  KIAIl-VN  (SAME  AS  NEAII-NZERO)  =  FP. 

THE  NUMBER  OF  ONES  IN  THE  REJECTED  400  CASES  (FN)  IS  THE 
CURRENT  CES.  (401),  MINUS  1,  MINUS  THE  NUMBER  OF  ZEROS,  OR 
FN  =  401-1-150  =  25C.  FINALLY,  'NSUCC*  IS  THE  ICIAI 
NUMEER  CF  SUCCESSES,  THEREFORE  NSUCC-FN  IS  IHE  VALUE  CF  VP, 

'IASTYEAI'  IS  USEE  TC  PRECLUDE  ANY  ERRORS  THAT  WOULD  EE 
GENERATED  WHEN  TWO  CE  MORE  VALUES  OF  ' YH AT '  ARE  IDENTICAL. 
IE  TEE  NEXT  POTENTIAL  CUTTING  SCORE  IS  THE  SAME  AS  THE 
PREVICUS  CNE,  THEN  NC  CELI  P RO EABILIII ES ,  ETC  ARE  CAICUI- 
AT E I,  AND  ZEROS  ARE  ASSIGNED. 

NOTE:  DUE  TO  THE  CSE  OF  IHE  KEYWORD  'RETAIN',  IHE  VAIUES 

CF  NZERC  AND  IASTYHAT  USED  IN  THE  CALCULATIONS  AND 
IN  THE  FIRST  'IF'  STAIEMENT  ARE  THE  VALUES  EEC  I!  THE 
PREVIOUS  OBSERVATION. 

THE  EAIA  STEP  ALSO  INITIALIZES  A  SET  CF  INDIVIDUAL  CEIL 
UTILITIES  (U1  -  U4 )  AND  CALCULATES  THE  OVERALL  UTILITY 
ASSOCIATED  WITH  EACH  CUTTING  SCORE.  ALSC  TEE  SELECTION 
RATIO  AND  THE  SUCCESS  RATE  RESULTING  FROM  EACH  CUIIING 
SCORE  ARE  CALCULATED.; 

DATA  DAIA5: 
c  E  T  C  AT  A  4 • 

PVP  =  VP/l&CASE;  P  FP  =  EP/NCASE; 

PFN  =  EN/NCASE;  PVN  =  VN/NCASE; 

KEEP  YHAl  UTIL  PVP  PEP  PEN  EVN  SRATIO  SUCCRATE; 

RENAME  YH AT  =  CSCCRE; 

LABEL 

CSCCEE  =  Cll  SCORE  ON  P f EDICT C E ; 


*  CONVERTING  THE  CELI  COUNTS  1C  PROBABILITIES. ; 


PROC  SCE1  IATA=DATA5  CUT  =  F IIEC 01 . RTUT IL A  ; 

£  Y  I  ESC  E  NDING  UTI1; 

*  SCfIT ■ G  El  UTI I  BE  f C  f E  WHITING  CUT  THE  PREVIOUSLY  KEPI 
VAE7  EIES  TO  A  FILE  IN  MAES  STORAGE.; 

I AT A  IA1A6; 

SET  F1IECUT. RIUTIIA; 

II  _N_  IE  30; 

PROC  FEINT  IATA=£ATA6; 

TITLE  T £ E  3C  LARGEST  CTILITIES  IN  THE  FILECUT.; 

TITLE  2 ; 

TITLES  TEE  EASE  UTILITY  IS  19112,  AND  THE; 

TITLEH; 

TITLE 5  EASE  LINE  SUCCESS  RATE  IS  0.  8606; 

EROC  PICT  £ATA=  C ATA6  ; 

PICT  CTII  *  CSCORE  =  •+'  /  VREF  =19112; 

TIT1E  TEE  TCP  30  UIIIITIES  PLOTTED  AGAINST  CUITING  SCORE.; 
TITLES; 

TITLES  NCTE:  THE  HCBIZ.  LINE  IS  THE  BASE  LINE  UIILITY,; 
TITLE  4 ; 

TITLES  IE.  THE  UTILITY  RESUIIING  FROM  THE  NAVY*'S; 

TITLE6 ; 

TITLE/  ORIGINAL  SELECTION  STRATEGY.  (19112); 

PROC  PICT  I ATA=£ATA6  : 

PICT  LTII  *  SHATIC  =  '+•  /  VREF  =19112: 

TITLE  TEE  TCP  30  UTIIITIES  ELCTTED  AGAINST  SELECTION  RATIC. 
TITLES; 

TITLES  NCTE:  THE  HOEIZ.  LINE  IS  THE  BASE  LINE  UTILITY,; 
TITLED; 

TITLES  IE.  THE  UTILITY  RESUITING  FROM  THE  NAVY"S; 

TITLE6 ; 

TITLE*/  ORIGINAL  SELECTION  STRATEGY.  (19  112); 

PROC  PICT  LATA=FILECCT.RTUTIIA: 

PICI  CTII  *  S RATIC  =  /  VhEF  =19112; 

TITLE  PLOTTING  AIL  UTIIITIES  AGAINST  SELECTION  RATIC.; 
.J.TLES; 

TITLES  NCTE:  THE  HQBIZ.  LINE  IS  THE  BASE  LINE  UTILITY,; 
TITLED  ; 

TITLES  IF.  THE  UTILITY  RESUIIING  FROM  THE  NAVY"3; 

TITLE6  ; 

TITLE*/  ORIGINAL  SELECTION  STRATEGY.  (19112); 

✓  * 

// 
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TABLE  XX2II 

Partial  Output  from  the  Secood  utility  Pragrao 


T fc£  30  LARGEST  UTILITIES  IN  TEE  EILEOUI. 
THE  BASE  UTILITY  IS  19112,  ANE  THE 
EASE  L1M  SUCCESS  HATE  IS  0.  8o0c. 


CES 

CSCCEE 

UTIL 

1 

42.2692 

19  135 

2 

42. C2S  7 

19  12S 

3 

4 2 .6  96  C 

19127 

4 

4  1.C77  4 

19  1  12 

5 

42.6462 

18998 

6 

44.2215 

18986 

7 

44.6646 

18365 

8 

45. C678 

13855 

9 

4  5.6261 

1879  1 

10 

46. C40  1 

18780 

11 

46.5663 

18748 

12 

46.6615 

166  14 

13 

47.27SC 

1659  1 

14 

47.5206 

165  14 

15 

46.2212 

15725 

16 

46. 367C 

157  19 

17 

4 6  .7  60  1 

15535 

18 

49.2252 

6  1 6  S 

19 

4  5  .  -*7C  6 

596  1 

20 

45. 5272 

53  CC 

21 

4S.7  124 

5289 

22 

45.6606 

1834 

23 

5C.423 1 

1756 

24 

EC.  5768 

1296 

25 

EC. 9229 

195 

26 

5  1.5210 

182 

27 

4  1 .0  774 

0 

23 

42.0297 

c 

29 

42.2692 

0 

30 

42.2692 

c 

SEATIO 

SCCCEATE  P V? 

PEP 

PEN 

PVN 

0 .698 

0.862 

0. 860 

0.138 

0  .  CO  1 

C.  001 

0  .599 

0.861 

0.8  61 

0.139 

0.001 

0.  00  1 

0  .598 

0.862 

0. 8  oO 

0. 138 

0.  CC1 

C.  001 

1.CC0 

C.661 

0.861 

0.139 

0.  occ 

c.  coo 

0 .588 

C.  664 

0.853 

0.135 

0.  CC7 

0.  C05 

0  .588 

C.  863 

0.853 

0.135 

o.  oce 

0.  005 

0 .682 

C.  863 

0.848 

0.  134 

0.012 

C  .  0  0  5 

0.582 

C.  663 

0.648 

0.  134 

0  .  C  1  2 

G.  C 0 5 

0.580 

0.863 

0 . 6  4  o 

0.  134 

0.01E 

C.  CCS 

C  .579 

0 . 6  6  3 

0.645 

0.  134 

0.015 

0.  005 

0 . 578 

0.863 

0. 3  44 

0.  134 

0.0  16 

C.  005 

0.656 

C.677 

0.751 

0.105 

0.110 

C.  034 

0.655 

C.677 

0.750 

0.  105 

0.111 

C.  034 

0.651 

C.877 

0.747 

0.105 

0.114 

0.  035 

0.607 

0.863 

0.713 

0.095 

0.  146 

C.  C4o 

0  .605 

C.  864 

0.7  12 

0.094 

0.  149 

0.  04c 

0.799 

0.  863 

0.705 

0.092 

0.  155 

C .  04  o 

0.295 

C.  656 

0.353 

0.041 

0.5C7 

C.  09  8 

0.283 

0.899 

0.345 

0.C39 

0.516 

C.  10  1 

0.259 

C.856 

0.322 

0.037 

0.535 

C.  102 

0.258 

0.856 

0.321 

0.037 

0.535 

C.  102 

C  .  z  1 7 

0.858 

0.195 

0.022 

0.6  6  6 

0.  117 

0.213 

C.  859 

0.  192 

0.022 

0.665 

C.  116 

0.153 

0.SC4 

0. 174 

0-016 

0.636 

C.  121 

0 . 146 

0.510 

0.133 

0.013 

0.727 

C.  126 

0.145 

C.5  12 

0.133 

0.013 

0.726 

C.  127 

0.000 

0.000 

0.000 

0.00  0 

O.QCC 

c.  COO 

O.COO 

0.  oco 

0.000 

0.000 

0. 000 

C.  000 

0.  COO 

0.000 

0.000 

0.000 

0 . 0  c  c 

c.  coo 

O.COO 

0.000 

0.000 

0.000 

o.occ 

C.  0 00 
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TABLE  XXI? 

Third  Utility  Analysis  Program 


//SEI C1II3  JOB  / 284 0 4C 104) ,  « SEX  CLARK,  SMC  1560*,  CIA£S  =  E 
//♦MAIN  CEG=NPGVHl.2fc40P 
//  E  SEC  SAS 

//FIIEIN  EL  DISP=SHE,DSN=M£S. S2840.RTUTILA 
//SYSIN  ID  ♦ 

CPTICKS  IS  =  £0  NOCENTEE; 

♦  THIS  PROGRAM  EXFLCEES  THE  EEFECTS  OF  USING  DIF  FLEE NI  CEL 
UTIII1IES  FOR  THE  CALCU1ATICN  CF  OVERALL  UTILITY.; 

I ATA  IATA1: 

SET  FIIEIN. RTUTIIA; 


0  1  A=  1 

;  U2A= 

- 

.5  ;  U3A= 

0 

U  4  A  = 

-5  ; 

U  1  E=  1 

;  U  2  E= 

— 

1  ;  U3E= 

0 

U  43  = 

1  ; 

U1C=  1 

;  U2C= 

— 

2  ;  U3C= 

0 

U  4C  = 

2  ; 

U1D=  1 

;  U  2  C= 

— 

.£  ;  03 D= 

-.5 

U  4D  = 

.5  ; 

U  1E=  1 

;  U2E= 

- 

1  ;  U3E= 

-.  5 

U  4E= 

1  ; 

U  1E=  1 

;  U2F= 

— 

2  ;  U3F= 

-.5 

U4F= 

2  ; 

UT3LA= 

P  VP  *  U  1 A 

♦ 

PFP*02 A  ♦ 

FFN*U3  A  ♦ 

P  V  N*  U4  A) 

UT JIE= 

PVP*U  IB 

♦ 

PFP*U2  E  + 

FFN*U3B  ♦ 

PVN*U43) 

UT IIC= 

PVP*U1C 

♦ 

PEP *U2C  ♦ 

PFN*  U3C  ♦ 

P VN*U4C 

UTIID= 

PVP*U  ID 

•f 

FFF*U2£  + 

PF N*U3  D  ♦ 

PVN*U4D) 

UT IIE= 

PVP  *  U  IE 

FFP*U2E  * 

PFN*U3E  * 

PVN*U4E) 

UTIIF= 

PVP  +  U  IF 

♦ 

PFP*U2E  + 

PE N*  U3  F  ♦ 

PVN*  U4F; 

♦24163 

*24163 


IROC  SCET  I  iTA=  DATA  1  CUT=FI£ST; 

EY  EESCENDING  UTIIA; 

LATA  EIEST ; 

SET  F1ES1; 

KIEF  CSCCEE  PVP  PEF  PFN  FVN  SRATIO  SUCCRA1E  UTILA; 

IF  N  IE  30; 

FBOC  PUTT; 

TITLE  EASE  UTILITY  IS  19112  AND  BASE  SUCCESS  EATE  IS  .8606; 
TITLE2; 

TITLES  U 1=  1  .  U2=  -.5  ,  U3=  0  ,  U4=  .5 

FROC  PICT  IATA=FIRSI; 

PICT  CTIIA  *  SEAT  3C  =  /  VEEF  =19112; 

PROC  SCET  I ATA=  D ATA  1  C0T=SECCND; 

EY  DESCENDING  UTIIF; 

I AT A  SECCNL; 

SET  SECCND; 

KEEP  CSCCEE  PVP  PEP  PFN  PVN  SRATIO  SUCCRA.  UTILE, 

IF  N  IE  30; 

PROC  FIOT; 

TITLE  EASE  UTILITY  IS  17428  AND  EASE  SUCCESS  BATE  IS  .8606; 
Till E  2 ; 

TITLES  C1=  1  ,  U2=  -1  ,  03=  0  ,  04=  1  .; 

PROC  PICT  IATA=SiCONI; 

PICT  CTIIB  *  SR  AT  IC  =  /  VREF  =17428  ; 
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EEOC  SCE1  I £IA  =  DATA  1  CUT=THIRD; 

E  Y  E  ESCE NDING  OTIIC; 

DATA  3H1EE; 

SET  1EIRE; 

KEEP  CSCCRE  PVP  P It  PEN  PVN  SRATIO  SUCCEATE  UFILC 
IE  N  IE  30; 

EEOC  PSIST; 

TITLE  EASE  OTILITY  IS  14061  ANE  EASE  SUCCESS  BATE  IS 
IITLE2; 

TITLE!  0  1=  1  ,  U 2=  -2  ,  03=  0  ,  04=  2 

PEOC  EICT  £  AIA  =  THI EE: 

PICT  ETI1C  *  SfiATIC  =  »•*■•/  VEEF  =14061  ; 

PEOC  SOE 1  I ATA  =  DATA  1  COT=FOUEIH; 

EY  EESCENDING  UTIIE; 

EATA  ECOETH; 

SET  FCOElH; 

KEEP  CSCCEE  PVP  PEP  PEN  PVN  SEATIO  S0CCEA1E  OIIID 
IF  N  IE  30; 

EEOC  ETlTT; 

TITLE  EA£E  OTILITY  I£  19112  AND  EASE  SUCCESS  RATE  IS 
TITLE2 ; 

TITLE!  01=  1  ,  U2=  -.5  ,  Uj=  -.5  ,  04=  .5  .; 

PEOC  EICT  EATA=FCUSTE: 

PICT  OIIID  *  SfiATIC  =  /  VEEF  =19112; 

PfiOC  £OE 1  E  ATA=  DATA  1  C0T=FIFTH  ; 

EY  EE£CE  KDING  OTIIE; 

EATA  ElflE: 

SET  FJETE: 

KEEP  CSCCfiE  PVP  PEP  PFN  PVN  SfiATIO  SUCCEATE  UTIIE 
IF  K  IE  30; 

EEOC  Elm; 

TITLE  EASE  OTILITY  IS  17428  ANE  EASE  SUCCESS  BATE  IS 
TITLE2; 

TITLE!  01=  1  .  02=  -1  ,  03=  -.5  ,  U4=  1  .; 

EfiOC  EICT  IATA=FIFTH; 

PICT  CTILE  *  SEAT 1C  =  /  VEEF  =17428; 

EEOC  £ CRT  E ATA=  D ATA 1  CUT=SIXTH; 

EY  E ESC E KDING  UTIIE; 

EATA  SIXTE: 

SET  SIXTH’ 

KEEP  CSCCEE  PVP  PIE  PFN  PVN  SEATIO  SUCCEATE  UIIIF 
IE  N  IE  30; 

EEOC  EIITT; 

TITLE  EASE  CTILI1Y  IS  14061  ANE  EASE  SUCCESS  HATE  IS 
TITLE2  ; 

TITLE!  01=  1  ,  02=  -2  ,  U3=  5  ,  04=  2  .; 

EEOC  EICT  EA1A  =  SIXTH  ; 

PICT  C1I1F  *  SfiATIC  =  /  VEEF  =14061; 


IIST  01  REFERENCES 
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-j|cBinr; 
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Center  for  Naval  Analyses  Report  81-0048,  Relating 
Enlistment  Standards  tc  Job  Performance:  J  tllot 

EEudy  lor  Two  Tavy  Eatings.  By  V.  3.  Xurie,  "January 


Center  for  Naval  Analyses  Report  CRC  450, 
Estimates  of  Survival  through  Eicjht  Years 
u  sin  q'TST  1779  Crossr5ecEIonaI  DaEaT  E7~77 
7  e  pEe  nEer~T77  97 - 


Continuous 
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Center  for  Naval  Analyses  Report,  Estimatin 9  Fcui-Year 
Survival  and  Reenlis taent  Probabilities  ~nor  Seiler 
Technicians  and~lacEinisETs  3aEes7~Ey  J7  W.  TleEcEer, 
Tclru ary "77777 - 


for  Naval  Analyses  Report,  I he  Effect  cf 

’  Training  Guarantees 
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